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Abstract 

A large proportion of the variation in traits between individuals can be attributed 

to variation in the nucleotide sequence of the genome. The most commonly studied 

traits in human genetics are related to disease and disease susceptibility. Although 

scientists have identified genetic causes for over 4,000 monogenic diseases, the 

underlying mechanisms of many highly prevalent multifactorial inheritance disorders 

such as diabetes, obesity, and cardiovascular disease remain largely unknown. 

Identifying genetic mechanisms for complex traits has been challenging because most of 

the variants are located outside of protein-coding regions, and determining the effects of 

such non-coding variants remains difficult. In this dissertation, I evaluate the hypothesis 

that such non-coding variants contribute to human traits and diseases by altering the 

regulation of genes rather than the sequence of those genes. I will specifically focus on 

studies to determine the functional impacts of genetic variation associated with two 

related complex traits: gestational hyperglycemia and fetal adiposity. At the genomic 

locus associated with maternal hyperglycemia, we found that genetic variation in 

regulatory elements altered the expression of the HKDC1 gene. Furthermore, we 

demonstrated that HKDC1 phosphorylates glucose in vitro and in vivo, thus 

demonstrating that HKDC1 is a fifth human hexokinase gene. At the fetal-adiposity 

associated locus, we identified variants that likely alter VEPH1 expression in 
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preadipocytes during differentiation. To make such studies of regulatory variation high-

throughput and routine, we developed POP-STARR, a novel high throughput reporter 

assay that can empirically measure the effects of regulatory variants directly from 

patient DNA. By combining targeted genome capture technologies with STARR-seq, we 

assayed thousands of haplotypes from 760 individuals in a single experiment. We 

subsequently used POP-STARR to identify three key features of regulatory variants: that 

regulatory variants typically have weak effects on gene expression; that the effects of 

regulatory variants are often coordinated with respect to disease-risk, suggesting a 

general mechanism by which the weak effects can together have phenotypic impact; and 

that nucleotide transversions have larger impacts on enhancer activity than transitions. 

Together, the findings presented here demonstrate successful strategies for determining 

the regulatory mechanisms underlying genetic associations with human traits and 

diseases, and value of doing so for driving novel biological discovery. 
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Chapter 1: Background 

1.1 The human population is genetically diverse 

No two people are genetically identical1. But how genetically diverse is the 

human population? The genome consists of ~3 billion base pairs (bp) organized in 23 

pairs of chromosomes2.  The first human genome sequences were completed in parallel 

by the Human Genome Project and Celera Genomics. Both were massive efforts. For 

example, the Human Genome Project was an international effort comprised of 20 

institutions across six countries that required over a decade of sequencing to complete. 

Both efforts were first published in 2001, at which point the first near-complete 

sequences of the human genome were made publically available3; 4. The completion of 

the project marked a tremendous accomplishment for humankind, and remains the 

largest collaborative biological project to date. Although the Human Genome Project 

provided a map of ~90% of the genome, over 70% of the sequence was derived from a 

single donor, and the remaining 30% from only a handful of others. Given the small 

number of individuals used to construct the sequence, only a tiny fraction of genetic 

diversity was annotated. 

Started in 2002, the International HAPMAP Project  was the first large-scale effort 

to map the genetic diversity across the human population5. The International HAPMAP 

Project was a collaboration of academic institutions, non-profits, and private companies 

across six countries. In Phase I, one common single nucleotide polymorphism (SNP) was 
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genotyped every 5,000 bp in four ancestries. A SNP is a variation in a single position in 

the genome which is present in at least 1% of the population. During Phase I, the 

Consortium also initiated a large re-sequencing project to identify additional SNPs 

which could be used to create a more detailed map. By the end of Phase III, 11 ancestries 

had been genotyped for 10 million common variants5-8. The genotypes of common alleles 

in the genome are typically correlated to those nearby, and less correlated with those 

farther away. That correlation occurs because mutations and those within close 

proximity are more likely to be passed down on the same chromosome from one 

generation to the next. During meiosis, recombination of chromosomes occurs through 

chromosomal crossover events. Homologous chromosomes pair together and exchange 

genetic material, resulting in unique combinations of alleles not present in either parent9; 

10. Alleles that segregate together are in linkage disequilibrium (LD). SNPs that are 

farther apart in the genome are less likely to be in LD, because the number of crossovers 

between two alleles is positively correlated with their distance from each other11. The 

completion of the HAPMAP Project marked the identification of thousands of regions in 

high LD known as haplotype blocks. Because the majority of data in the HAPMAP 

Project was generated using genotyping arrays, most rare and private variants were 

missed. 

In 2012, 1092 human genomes were sequenced across 14 populations as part of 

the 1000 Genomes Project (1KGP)12. This was made possible by the advancement of next-
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generation sequencing technologies. The primary goal of 1KGP was to identify more 

than 95% of SNPs at 1% frequency in a broad set of populations. In total, 36.7 million 

SNPs, 1.28 million indels, and 13,800 large deletions were annotated in Phase 1. Since 

1KGP Phase 1, the number of annotated variants has continued to increase steadily. 

Currently, the Single Nucleotide Polymorphism Database (dbSNP) contains over 60 

million annotated variants13. These databases suggest that the average proportion of 

nucleotide difference between two individuals is between one in 1,500 to one in 1,000 bp, 

or two to three million bp in total14; 15. Although nucleotide diversity is lower in humans 

compared to other species due to a more recent origin and small founder population, 

there still exists an enormous amount human genetic variation which influences traits16-

18. 

1.2 Determining the genetic basis of human traits 

Human genetics is the study of inherited human variation. One of the main 

motivations for studying human genetics is to gain a better understanding of how 

humans evolved and migrated over time. Based on differences in genetic structure 

between populations across the world, researchers have been able to trace migratory 

patterns in human populations19-23. Another primary motivation for studying human 

genetics is the vast potential for the improvement of human health. Over 4,000 genes 

have been implicated in single-gene defects including cystic fibrosis, muscular 

dystrophy, Huntington’s disease, and Rett’s syndrome24; 25. The majority of monogenetic 
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disorders were identified through linkage studies. Linkage studies involve looking at 

large families where a disease presents through multiple generations. The goal is to 

identify a genetic marker which is always present in individuals with the disease. The 

region is then narrowed down until the disease causing mutation is identified. Linkage 

approaches are most useful for identifying recessive, highly penetrant diseases inherited 

in a Mendelian fashion. Because many complex diseases such as diabetes and heart 

disease are polygenic, have low penetrance, and do not show patterns of Mendelian 

inheritance, alternative approaches are necessary for identifying causal variants. 

Genome-wide association studies (GWAS) and whole-genome sequencing 

studies have narrowed the search for causal variants for many complex diseases26; 27. 

GWAS involves correlating allele frequencies of markers distributed throughout the 

genome with a trait within a population. In doing so, risk haplotypes which presumably 

contain disease causing variants are associated with a specific phenotype. GWAS has the 

power to identify genetic loci which have not yet been implicated in disease. The first 

successful GWAS was published in 2002 and involved 94 individuals with myocardial 

infarction and 658 healthy individuals28. The study identified a SNP in the coding region 

of LTA, and one in the first intron which increased the expression of LTA. Elevated 

expression of LTA containing the risk allele was shown to cause an increase in cell-

adhesion molecules in human vascular cells. This was the first example of large genetic 

study resulting in the identification of a mechanism for disease susceptibility. As of late 
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2015, there have been 2111 GWAS publications that have associated a total of 15,396 

SNPs with various traits29; 30. The number of trait and SNP-trait associations has been 

growing steadily due to the decreasing cost of genotyping technologies as shown in 

Figure 131. 

 

Figure 1: Studies, traits and SNP-trait associations from 2005–2013 reveal the 

growth in eligible studies29. 

For many complex trait groups including as cardiovascular disease, metabolic 

disease, and body measurements, associated loci are also broadly distributed across the 

genome (Figure 2).  
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Figure 2: This diagram shows all SNP-trait associations with p-value ≤ 5.0 × 10-8, 

published in the GWAS catalogue (http://www.genome.gov/gwastudies) up to the end 

of May 201430. 

Analyses predicting the functional effects of identified variants have largely 

focused on variants in protein-coding regions of the genome, as the consequences are 

more interpretable. However, the vast majority of human genetic variation is non-

coding32. Furthermore, about 88% of trait-associated variants with weak effects are non-

coding26. This observation supports the hypothesis that weak-effect causal variants play 

gene regulatory roles26. This hypothesis is further supported by the identification of 

heritable factors which alter gene expression within GWAS loci33, and the observation 

that changes in regulatory sequence are the major drivers of morphological differences 

between related species34.  
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Knowledge of linkage between SNPs is particularly useful for GWAS, because it 

can help predict (impute) the genotype of unobserved variants. As a result, the number 

of SNPs genotyped in a given study could be dramatically reduced by genotyping the 

most informative SNPs and imputing those in LD. Large-scale studies could be 

conducted at lower costs without compromising the amount of information obtained. At 

the same time, LD also confounds precise functional interpretation of GWAS 

associations; haplotype blocks are often hundreds of kilobases wide and contain 

hundreds of SNPs associated with the trait. LD also makes using statistical methods 

alone difficult for pinpointing causal variants. 

In summary, GWAS is an extremely useful approach for identifying loci 

associated with phenotypes. The follow-up of these results has yielded many discoveries 

that have been crucial to our understanding of specific genetic diseases. As the number 

identified of trait-associated variants continues to increase, understanding how variants 

cause disease rather than identification will become the rate-limiting step. Functional 

follow-up for such a vast number of non-coding SNPs has proven challenging. Although 

there have been a handful of cases for which the mechanism of action of these variants 

has been determined31; 35-37, the majority of associations remain unexplored due to the 

throughput required for testing thousands of candidates at once.  
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1.3 The molecular state of the human genome and epigenome 

The human genome is densely packaged in the nucleus. The DNA is wrapped 

around proteins known as histones and condensed into euchromatin and 

heterochromatin. Euchromatin is lightly packed, high in gene concentration, and usually 

under active transcription38. In contrast, heterochromatin consists of stable, densely 

packed histones and is located towards the edge of the nucleus39. Genes which are silent 

generally reside within heterochromatic regions40. Only though this organization can a 

three meter-long genome to fit within a 0.1 nm sphere. Histones themselves are 

frequently modified by the addition of methyl and acetyl groups, and even the 

individual bases of the genome are modified by addition of methyl groups. The study of 

these modifications is known as epigenetics. These modifications, along with 

transcription factors (TFs) and other DNA-binding proteins, play pivotal roles in rapidly 

activating and deactivating genes during development and in response to 

environmental stimuli such as stress, drugs, and even diet41-48. The chromatin state of the 

genome is important for mediating interactions with the environment and maintaining 

gene regulatory networks in humans and other complex organisms.  

Gene expression is controlled by regulatory elements. The four major classes of 

regulatory elements are promoters, enhancers, silencers, and insulators49-52. Promoters 

are regions of DNA upstream of gene transcription start sites (TSS) that initiate 

transcription by RNA polymerase II53-56. There are two types of promoters: focused and 
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dispersed. While focused transcription initiation involves a single strong TSS within a 

narrow region, dispersed transcription initiation involves multiple weak, broadly-

distributed TSS’s55-57. In humans and other complex organisms, the majority of 

promoters are dispersed57. Enhancers and silencers are genomic regions enriched for TF 

and co-factor binding sequences. Those regulatory elements generally act through loop 

formations with promoters and the recruitment of additional activating or repressive 

factors58. Most enhancer-promoter interactions are also highly cell type-specific. This 

enhancer specificity mediated by chromatin allows thousands of cell-types within 

tissues present in our bodies to be derived from a single genome59. Insulators are 

elements which block enhancer-promoter interaction through the recruitment of DNA 

structure modifying proteins60; 61. Insulators are particularly important for separating 

genes with different regulatory requirements62.  Together, regulatory elements play an 

integral role in controlling the expression of genes. 

Chromatin features are particularly useful for identifying regions of the genome 

that play active roles in modulating the expression of genes. Features of functional DNA 

include the presence of histone 3 lysine 4 monomethylation (H3K4me1) and H3K27 

acetylation63. Those two modifications are enriched at enhancers. Another hallmark of 

genomic regulatory activity is open chromatin marked by DNase I hypersensitivity and 

micrococcal nuclease sensitivity64-66 67. Early studies demonstrated that regions of the 

genome which were unbound by histones or other proteins were susceptible to 
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digestion via DNase I and enriched for regulatory elements66; 68. Because those studies 

relied on visualizing DNase I hypersensitive sites (DHS) using gel electrophoresis, they 

were not conducive to mapping DHS genome-wide. Gregory Crawford’s group was the 

first to use next-generation sequencing to characterize open chromatin across the 

genome. By sequencing DNA after DNase I digestion, they were able to identify 

enrichments of DNA fragments at DHS. DHS are enriched for TF binding, many of 

which are evolutionarily conserved across species64; 65; 69.  

The vast number of regulatory elements across the genome and differences in 

epigenetic landscape between individuals, tissues, and cell types motivated the 

formation of large coordinated efforts such as the Encyclopedia of DNA Elements 

(ENCODE) Project and Epigenetics Roadmap Consortium.  Both consortiums involved 

dozens of laboratories and hundreds of scientists across the globe. The primary goal of 

the ENCODE Project was to identify all regulatory elements in the human genome. The 

primary goal of the Epigenetics Roadmap Consortium was to identify epigenetic 

markers associated with disease. Both efforts successfully mapped the state of the 

human epigenome for hundreds of TFs, histone modifications, and chromatin features 

across hundreds of cell lines and tissue types, creating valuable publically available 

resources for identifying regulatory elements and understanding the genetics of gene 

regulation70; 71. Knowledge of chromatin architecture has proven instrumental towards 
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the identification of phenotype-associated variants by minimizing the genomic search 

space while providing mechanistic insight into disease associations32; 72-76.  

1.4 Associating SNPs with the expression of target genes. 

While GWAS involves correlating genotypes with traits and diseases, the goal of 

expression qualitative trait loci (eQTL) studies is to associate genotype with the 

expression levels of genes. eQTLs are divided into two categories: cis and trans acting. 

While some eQTLs act on genes within the same locus (cis), others can act on loci many 

megabases away and even as far as separate chromosomes (trans)77. Cis eQTLs are 

thought to act by disrupting the binding of TFs, resulting in altered gene expression. 

Trans eQTLs are thought to act through long-range looping mechanisms or by affecting 

the expression of a gene which influences the expression of another.  

eQTLs are also, at least in part, responsible for the gene expression differences 

between populations of individuals. Recent studies have estimated that upwards of 30% 

of the differences in gene expression between individuals can be attributed to eQTLs78. 

eQTLs can also provide clues to the function of uncharacterized genes through the 

associations of traits with the expression of a target genes79-84. Many groups have shown 

that eQTLs are highly enriched for variants identified through GWAS33; 85; 86. eQTLs can 

be useful for following-up GWAS, because they have the ability to link associations to 

candidate genes if the gene is not on the same LD block as the associated variant. 



 

12 

Like epigenetic markers, eQTLs vary between cell and tissue types. Although the 

majority of early eQTL studies were conducted using RNA isolated from whole blood, 

the concerted efforts of many teams have expanded the discovery of eQTLs to numerous 

cell types, primary tissues, and biological conditions87-91. Most notably, Genotype-Tissue 

Expression (GTEx) Project was launched by the NIH with the goal of increasing our 

understanding of how inherited changes in gene expression can lead to disease92-94.  The 

GTEx consortium was a collaborative effort involving hundreds of scientists and 

physicians. As of early 2016, the database includes genotype and RNA-seq results for 

over 7,000 primary tissue samples and eQTLs for 19,000 genes. 

DHS QTLs (dsQTLs) can also help narrow down regions of the genome which 

control gene expression. In dsQTL studies chromatin accessibility is associated with 

genotype. About 16% of dsQTLs are eQTLs, and 55% of eQTL SNPs are also dsQTLs75. 

This observation further supports the hypothesis that a large proportion of regulatory 

variants are located within DHS. Although eQTL and dsQTL studies are useful for 

identifying variants, genes, and tissues associated with traits, they still face many of the 

same challenges as GWAS. For example, LD between variants limits the resolution of 

associations. Nevertheless, QTLs will continue to prove increasingly valuable for 

minimizing the search space for GWAS follow-up and assigning biological function to 

variants. 
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1.5 Strategies and technologies for investigating trait-associated 

non-coding variation 

Although strategies for identifying trait-associated non-coding variants have 

improved drastically over the last few years, systematically identifying specific variants 

and regulatory elements that contribute to phenotype remains a major challenge. One of 

the biggest obstacles is that recombination across the genome limits the resolution of 

genetic association studies, preventing the identification of specific causal variants. This 

limitation motivates the development of complementary empirical approaches to assay 

the consequences of non-coding genetic variation on regulatory element activity31; 35-37. 

Moreover, due to local context dependencies of regulatory variant effects, determining 

the functional consequences of polymorphisms requires empirical measurements in 

addition to associations95. One approach for determining whether a genomic region acts 

to regulate gene expression is a reporter expression assay. In a reporter assay, a 

candidate regulatory element is cloned into a plasmid, typically upstream of the 

promoter, where the element can control the expression of a fluorescent or 

chemiluminescent protein.  The plasmid is then transfected into a chosen cell type, and 

the activity of the regulatory element is estimated by measuring the expression of the 

reporter gene using a luminometer or fluorometer.  Several groups have shown that 

reporter assays can identify changes in enhancer activity caused by the presence of SNPs 

associated with phenotypes36; 37; 96.  However, traditional reporter assays are low 
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throughput and therefore impractical for assaying genetic variation across large 

populations and genomic regions. 

To overcome the throughput limitations of reporter assays, researchers 

developed adaptations that allowed high-throughput sequencing rather the fluorescence 

to be used as readout. The resulting massively parallel reporter assays allowed 

researchers to complete between thousands and millions of reporter assays at once. The 

first massively parallel reporter assay used saturation mutagenesis to fine map three 

promoters97. This was a great advancement in the reporter field, and demonstrated the 

potential of combining older functional assays with newer next-gen sequencing. Recent 

advances have greatly increased the throughput of reporter assays by embedding 

molecular barcodes within the reporter gene that can later be observed with 

sequencing97-100. These assays have the ability to measure the regulatory activities of 

more than one million unique DNA fragments in a single experiment101 and have been 

used to identify and fine-map enhancers throughout the genome49; 97; 100; 102. Barcode 

approaches require that each assayed regulatory element to be linked to a unique 

barcode. To bypass this requirement, Alexander Stark’s lab developed a massively 

parallel reporter assay known as self-transcribing active regulatory region sequencing 

(STARR-seq). In STARR-seq the regulatory element is cloned into the 3’ untranslated 

region (UTR) of the reporter gene instead of upstream of the promoter (Figure 3)101. The 

advantage of this technique is that the cloned element effectively acts as its own barcode 
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by interacting with the promoter and creating more transcripts which contain its own 

sequence.  

 

Figure 3: STARR-seq construct design. Adapted from Arnold et al101. 

The simplified library construction makes this approach effective for assaying 

millions of unique fragments. STARR-seq has already been utilized to identify hormone 

responsive elements, changes in regulatory DNA during evolution, drug responsive 

elements, and cell-type specific enhancers103-106.  

Reporter assays have two major limitations in that they assay regulatory element 

activity outside of the context of other elements, and that they do not reveal the target 

gene. An alternative strategy is editing the genome directly. There are three main classes 

of engineered transcription factors that have been used to introduce mutations into the 

genome: zing finger proteins, transcription activator-like effectors, and clustered 

regulatory interspaced short palindromic repeats (CRISPR)/CRISPR associated proteins. 

Although there have been many successes with zinc fingers and transcription activator-

like effectors107-113, they are difficult to engineer and implement with a high degree of 

specificity and efficiency. Today the CRISPR/Cas9 system has become the primary tool 
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for genome editing in multiple species114-120. The engineered form of the CRISPR/Cas9 

system uses a complementary guide RNA (gRNA) oligonucleotide to target the Cas9 

nuclease to specific double-stranded DNA sequences where it creates a double-strand 

break that recruits the cellular DNA-repair machinery121. Without a homologous repair 

template, the DNA ends are re-ligated by error-prone non-homologous end joining 

(NHEJ), typically leading to small deletions122. Alternatively, a repair template can be co-

delivered with the nucleases to guide homology-directed repair (HDR) and insert or 

replace sequences at the target site. The NHEJ pathway can delete regions of human 

chromosomes as small as a few bp and as large as 15 Mb123. The HDR pathway can make 

single bp changes to correct genetic mutations or create models of human disease124. 

Genome-editing approaches have the advantage over reporter assays by allowing 

researchers to measure the effects of introduced variants directly in the context of the 

native genome. Together, genome editing and high-throughput reporter assays are 

indispensable tools for identifying disease-causing mutations.  

1.6 The genetics of maternal glycaemia and fetal adiposity 

Determining how genetic variation in both the mother and offspring influence 

fetal outcomes will have both immediate and long-term effects for the health of 

newborns. Fetal growth and metabolism have both sort- and long-term implications for 

the health of the newborn125-138. As such, both low and high birth weights have been 



 

17 

associated with an increased chance of developing chronic metabolic disorders later in 

life including obesity and type-2 diabetes (T2D) (Figure 3)133-138.  

 

Figure 4: Transgenerational cycle of gestational diabetes and obesity. Adapted 

from Dabelea et al134. 

Twin studies have estimated the heritability of birth weight to be between 30-

70%139-147. In addition to fetal genetics, mothers with high glucose levels during 

pregnancy give birth to babies with increased fat accretion, resulting in elevated long-

term health risks133; 134; 148-150. The transgenerational cycle of gestational diabetes and 

obesity has been a contributing factor to the increased percentage of obese and diabetic 

individuals within the population in recent years. Breaking this cycle will require 

identifying the mechanism for the risks conferred by maternal metabolism and fetal 

genes, which, in turn, requires improved understanding of genetic factors regulating 

maternal metabolism and fetal fat accretion.  
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SNPs associated with maternal glucose levels and fetal adiposity151; 152 were 

identified using DNA and phenotype information from a multi-ethnic cohort of ~18,000 

mothers and their offspring who were enrolled in the NIH and American Diabetes 

Association-funded Hyperglycemia and Adverse Pregnancy Outcome (HAPO) Study 153. 

A GWAS performed in mothers who underwent glucose testing during gestation 

identified chr10q22.1 to show strong association with 2 hr maternal glucose levels 

during pregnancy, and a GWAS in babies showed 3q25.31 to associate with adiposity at 

birth151; 152.  The association at chr10q22 was not present in nongravid individuals, 

suggesting that the association is pregnancy specific. While other studies have also 

associated 3q25 to birthweight, a follow-up study revealed that the locus is not 

associated with late childhood adiposity154-158. This evidence suggests that the association 

at 3q25 is specific to lipid accumulation during fetal development. High levels of 

adiposity at birth in land mammals is actually a trait unique to humans. Even our closest 

cousins the chimpanzee produce offspring with only 2-3% body fat. The prevailing 

hypothesis of why this occurs is that body fat is necessary for supporting the 

development of the large human brain159; 160. Learning how genetic variation affects fetal 

adiposity will not only prove clinically relevant, but also teach us more about our 

divergence from other hominids. 
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Chapter 2: Identification of non-coding regulatory 

variation associated with maternal glycaemia 

This research chapter is based on a research article published by Cong Guo et al. in the journal 

Nature Communications in 201537. 

2.1 Overview 

Maternal glucose levels during pregnancy impact the developing fetus, affecting 

metabolic health early and later in life. Both genetic and environmental factors influence 

maternal metabolism, but little is known about the genetic mechanisms that alter 

glucose metabolism during pregnancy. Here we report that haplotypes previously 

associated with gestational hyperglycemia in the third trimester disrupt regulatory 

element activity and reduce expression of the nearby HKDC1 gene. We further find that 

experimentally reducing or increasing HKDC1 expression reduces or increases 

hexokinase activity, respectively, in multiple cellular models; and that purified HKDC1 

protein has hexokinase activity in vitro. Together, these results suggest a novel 

mechanism of gestational glucose regulation in which the effects of genetic variants in 

multiple regulatory elements alter glucose homeostasis by coordinately reducing 

expression of the novel hexokinase HKDC1.  
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2.2 Introduction 

Regulation of glucose metabolism during pregnancy differs markedly from the 

non-gravid state as the mother must meet both her own and the growing fetus’s energy 

needs. The differences are characterized by the combination of lower fasting glucose 

levels, increased hepatic glucose output, increased nutrient-induced insulin secretion, 

and significant insulin resistance by the third trimester161. In 5-10% of pregnancies, 

however, glucose homeostasis is not maintained, resulting in hyperglycemia and 

gestational diabetes, i.e. diabetes that is first diagnosed during pregnancy. Gestational 

hyperglycemia is a major health risk to the mother, and is associated with adverse fetal 

outcomes including increased risk of T2D and obesity in the offspring126; 132; 162; 163. Despite 

the prevalence and health risks, the mechanisms leading to gestational hyperglycemia 

remain largely unknown. 

We recently identified a strong association between genetic variants in the first 

intron of HKDC1 and 2 hr plasma glucose levels during an oral glucose tolerance test 

performed in a multiethnic cohort of 4,437 mothers at ~28 weeks gestation (F-test, p = 

8.26 x 10-13, β = 0.167 - 0.229 √[mmol L-1])164. The association was replicated in a cohort of 

2,192 additional European mothers and two smaller independent European and 

Canadian cohorts (n = 228 and 606). In a separate study of ~47,000 non-gravid 

individuals of European ancestry, the same region had only marginal association with 2 

hr plasma glucose, suggesting that the association with HKDC1 is largely pregnancy 
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specific165. In the 1KGP, there are 60 variants in the coding exons of HKDC1. Seven of 

those variants are common, defined by a minor allele frequency > 1%. According to 

computational predictions of the effects of those variants on HKDC1 activity, between 

one and four of the common variants may impact the function of HKDC1166; 167 

(Appendix A, Figure 14) However, none of the coding SNPs were associated with 2 hr 

plasma glucose at genome-wide significance (p < 1 x 10-8). While the function of HKDC1 

is unknown, the gene is broadly expressed including in liver and -islet cells164; 168; 

conserved across vertebrates; and may be a novel human hexokinase based on its 

sequence similarity to hexokinase I (HK1)169.  

Based on these data, we hypothesized that genetic variation that alters gene 

regulation may contribute to the association with gestational hyperglycemia. Here we 

show that there are multiple variants that alter regulatory element activity in the region. 

Moreover, the effects of those variants are coordinated across four enhancer elements in 

the associated HKDC1 locus. For each variant, alleles associated with reduced expression 

also associate with higher plasma glucose in mothers. We further show that modulating 

HKDC1 levels alters hexokinase activity in multiple cellular models, and that purified 

HKDC1 protein has hexokinase properties in vitro. Together, our results support a novel 

mechanism of gestational glucose regulation in which coordinated variation across 

multiple enhancer elements within regulatory haplotypes reduces expression of the 

novel hexokinase HKDC1. 
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2.3 Methods 

2.3.1 Luciferase Reporter Assays 

Selected regions were amplified from genomic DNA from 1KGP subjects and In-

Phusion cloned at the NheI cut site into pGL4.13 luciferase expression vector (Promega). 

The construct was then transformed into TOP-10 competent cells and plated onto LB 

agar plates with ampicillin and incubated overnight at 37°C. In order to capture both 

haplotypes from subjects who were heterozygous in those regions, multiple colonies 

were selected and grown individually in LB media overnight.  Plasmids were extracted 

using the PureYield Plasmid Miniprep System (Promega). Constructs were sequenced 

using Sanger sequencing and variants were confirmed in dbSNP170. Site directed 

mutagenesis was carried out by amplifying the plasmid using primers containing the 

allele of choice, treating with DpnI, and transforming into TOP-10 competent cells. 

Primers for cloning and site directed mutagenesis are listed in Appendix A, Tables 13 

and 14. HepG2 cells (Duke Cell Culture Facility) were plated into white flat-bottom 96-

well plates at a density of 25,000 cells/well. After 48 hr, 100 ng of each construct/well was 

transfected with Fugene HD (Promega) at a 5.5:1 Fugene:DNA ratio. At least 16 

biological replicates for each construct were transfected. After 24 hr, luciferase and 

renilla luciferase signal were quantified using the Dual-glo Luciferase Assay (Promega) 



 

23 

using a Victor3 1420 plate reader (PerkinElmer). Luciferase values were normalized by 

dividing the luciferase signal by the renilla signal. A linear regression model 

implemented in the R statistical package (R function lm) was used to determine the 

regulatory effect of individual SNPs where (normalized luciferase intensity) = β1 SNP1 + 

β2 SNP2 +β3 SNP3 …+ ε.  

2.3.2 RT-qPCR 

RNA was isolated using the RNeasy kit (Qiagen). 2 μg of RNA per reaction was 

reverse transcribed using the SuperScript Vilo cDNA Kit (Life Technologies). All qPCR 

reactions were performed in biological triplicates and technical duplicate using the 

PerfeCTa qPCR Fastmix (Quanta) on an ABI StepOnePlus cycler. Reactions were cycled 

at 95°C (10 s) and the primer annealing temperature (30 s) for 40 cycles. Calculations 

were performed using the ΔΔCt method using β-actin as a reference control. Primer 

sequences are listed in Appendix A, Table 15. 

2.3.3 Western Blots 

Transduced cell pellets were sonicated for 5 x 30 s pulses in 100 μL of RIPA 

buffer supplemented with protease inhibitors. The protein concentrations were 

quantified using a Bicinchoninic acid (BCA) assay (Thermo). The lysate was then mixed 

1:1 with loading buffer supplemented with 5% 2-mercaptoethanol and incubated at 76°C 

for 15 m. 10 μg of protein along with the Precision Plus Protein Dual Color Standard 

(Biorad) was loaded into each lane of a Mini-Protean TGX 4-20% gel (Biorad) and run at 
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100 V for 1 hr at 4°C. The membrane was blocked with 5% skim milk for 30 m and 

washed 3 times in 0.1% Tween-20 in PBS. The membrane was incubated overnight in 

anti-HKDC1 antibody produced in rabbit (Sigma) diluted 1:500 in skim milk. The 

membrane was washed 3 more times and incubated in horseradish peroxidase (HRP) 

conjugated anti-rabbit antibody diluted 1:2500 in skim milk for 75 m at room 

temperature (Santa Cruz Biotechnology). The membrane was washed 3 times and 

incubated at room temperature in 10 μL SuperSignal West Pico Chemiluminescent 

Substrate (Thermo) for 15 m. After exposure and imaging, the membrane was stripped 

using Restore Western Blot Stripping Buffer (Thermo) and blotted using 1:500 anti β-

actin antibody produced in mouse (Santa Cruz Biotechnology) and 1:2500 HRP 

conjugated anti-goat antibody (Santa Cruz Biotechnology) diluted in skim milk. 

2.3.4 Adenovirus Construction and Transduction 

A 2,789 bp BamHI/NotI fragment from plasmid RC221178 (OriGene), containing 

the 2,750 bp HKDC1 open reading frame, was cloned into the BamHI/NotI sites of the 

adenoviral shuttle vector pShuttle-CMV (Agilent). HKDC1 adenoviral shuttles were 

linearized with PmeI and transformed into BJ5183-AD1 cells (Agilent). Recombinant 

clones were isolated, digested with PacI, and recombinant adenoviruses were generated 

by transfecting HEK293 cells (ClonTech) with the PacI digested recombinant plasmid 

DNA and FuGene171. To generate the HK1 adenovirus, a 3,600 bp DNA fragment 

containing the rat HK1 ORF was cloned into the shuttle vector pAC.CMV.pLpA. 
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Recombinant HKI virus was then generated by co-transfecting HEK293 cells with HKI 

shuttle clone and plasmid pJM17172 

After transfection, viral lysate was collected, further amplified in HEK293 cells 

plated in 5 p150 tissue culture plates. Prior to complete lysis, media was removed, 

infected cells harvested in 2 mL Freeze/thaw buffer (10 mM Tris/Hcl, pH 8.0, 1 mM 

MgCl2), lysed by 2 freeze/thaw cycles, and the virus purified by ultracentrifugation on a 

CsCl gradient. Purified virus was de-salted with a 7k MWCO column (Thermo 

Scientific) equilibrated with freeze/thaw buffer, and glycerol was added to a final 

concentration of 10%. Viruses were titered by measuring OD260 (1 OD260 = 1.1 x 1012 

virions mL-1) as well as by plaque assay in HEK293 cells. 

To prepare cells for transduction, INS-1 cells were first seeded at a density of 7 x 

105 per well into 12-well plates. INS-1 832/13 cells were kindly provided by Christopher 

Newgard (DMPI, Duke University)173. After 24 hr, the cells were transduced with 

HKDC1-, HK1-, or GFP-expressing adenovirus in triplicate. Cells were grown for another 

24 hr and pelleted with centrifugation. 

2.3.5 Protein Purification 

Rosetta 2 (DE3) (EMD Millipore) cells were transformed with pReceiver-B01 

plasmid containing either HKDC1 or HK1. A single colony was grown overnight in 100 

mL TPM media (20 g L-1 Tryptone, 15 g L-1 Yeast extract, 8 g L-1 NaCl, 2 g L-1 Na2HPO4 1 

g L-1 KH2PO4) augmented with 50 μg mL-1 ampicillin and 34 μg μL-1 chloramphenicol at 
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37°C. The pregrowth culture was added to 500 mL of the same media and grown to an 

OD of ~0.6. Isopropyl β-D-1-thiogalactopyranoside (IPTG) was added to a final 

concentration of 1 mM, and the cells were grown for an additional 4 hr at room 

temperature. 

Cultures were centrifuged at 10,000 x g for 30 m and resuspended in lysis buffer 

(50 mM NaH2PO4, 300 mM NaCl, 0.25% Tween-20, 5% sucrose, 5% glycerol, 2 mM 

imidazole, and 10 mM 2-mercaptoethanol) supplemented with protease inhibitors (1 

mM phenylmethanesulfonyl fluoride [PMSF], 2 μg mL-1 aprotinin, 0.5 μg mL-1 leupeptin, 

0.7 μg mL-1 pepstatin A). Cells were sonicated for 5 m followed by DNase I treatment 

(4 U mL-1) for 15 m on ice. The lysates were clarified by centrifugation at 10,000 x g for 30 

m and the supernatant passed over a HisTALON column (Clontech). The column was 

washed with 25 mL of wash buffer (Lysis buffer pH 7.0, 25 mM imidazole). The protein 

was eluted from the column in 1 mL fractions using wash buffer with 500 mM 

imidazole. DTT was added to each fraction to a final concentration of 1 mM. 

2.3.6 Cellular Hexokinase Assays 

To measure cellular hexokinase activity in knockdown and overexpression 

experiments, we used an absorbance-based hexokinase assay (Sciencell #8408). Cell 

pellets were sonicated in 200 μL of 1% Triton at 4°C for 5 x 30 s pulses at medium 

intensity using a Bioruptor (Diagenode). The lysate was centrifuged at 1000 x g for 5 m 

to remove remaining cell debris. The assay was performed by combining 80 μL of 
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reaction mix (42 μL assay buffer, 20 μL cofactor, 2 μL developer, 6 μL enzyme mix, and 

10 μL NADP), 10 μL of cell lysate, and 10 μL of 0-500 mM glucose was in each well of 

clear 96-well microplates. The plates were incubated in the dark for 90 m at room 

temperature. Absorbance at 490 nm was quantified in technical duplicates using a 

Victor3 1420 plate reader (PerkinElmer). 

2.3.7 Purified HKDC1 Hexokinase Assays 

To assay hexokinase activity of purified HKDC1, 2 μg of purified protein was 

diluted in 20 μL of HK dilution buffer containing 20 mM KH2PO4, 100 mM KCl, 1 mM 

MgCl2, 1 mM EDTA, 1 mM dithiothreitol (DTT), 60 g L-1 glycerol, and 1 g L-1 bovine 

serum albumin. Samples were loaded onto a microplate and mixed with 100 μL of 

reaction buffer containing 50 mM HEPES pH 7.4, 100 mM KCl, 8 mM MgCl2, 5 mM ATP, 

0.5 mM NADP, 1 U mL-1 G6PDH (from Leuconostoc mesenteroides), 1 mM DTT, 1 g L-1 

bovine serum albumin, and 10 mM D-(+)-glucose. Reactions were incubated at 37°C for 1 

hr and stopped with 174 μL buffer C (0.46 mM SDS pH 8.0, 300 mM NaH2PO4, pH 8.0). 

Fluorescence of NADPH was measured at excitation wavelength of 340 nm and an 

emission wavelength of 450 nm. Specific activity was determined using an NADPH 

standard (Appendix A, Figure 27). 

2.3.8 siRNA Knockdown 

HepG2 cells were plated at 1 x 105 cells/well into 24-well plates. After 48 hr, cells 

were transfected with either siRNAs targeting HKDC1 (Ambion Silencer Select s37044, 
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s37046) or siRNA not known to target any genes (Silencer Select Negative Control No. 1 

siRNA cat. 4390843) using 6 pM of siRNA and 1 μL of Lipofectamine RNAiMax 

transfection reagent (Life Technologies) per well. Each siRNA was transfected in 

biological triplicate. Cells were harvested 24 hr later for RT-qPCR and hexokinase assays 

as described above. 

2.3.9 Genome Wide Association with Imputed Genotypes 

Genotypes from the previously published GWA study that identified the HKDC1 

locus164 were imputed separately in each of the four quality-control (QC) cleaned and 

filtered genotyping sets using IMPUTE2 v2.3.0 and the 1KGP reference panel (December 

2013 release). A cosmopolitan reference panel of unrelated individuals of the  

Africa (“AFR”), Americas (“AMR”), Asia (“ASN”), and Europe (“EUR”) populations 

was used. The strand-checking utility of SHAPEIT v2 was used to ensure consistent 

strand assignments between the reference data set and the QC cleaned and filtered data 

sets. Strand was corrected as indicated, and SNPs for which strand could not be resolved 

were removed. A conservative info threshold (synonymous to allelic r2) of 0.9 was used 

to remove questionable imputed SNPs. 

The genotype call probabilities from the filtered IMPUTE2 output were used in a 

linear regression model between each of the phenotypes and the genotypes probabilities 

under an additive model adjusting for age, BMI, and the first two principal components 

of ancestry. The frequentist approach in SNPTEST v2.4.1 was used to estimate the beta 
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and standard errors for each regression model and assess the significance of the 

association between the SNP and the phenotype of interest. 

2.3.10 Liver eQTL Analysis 

Liver gene expression and genotype data were generated as follows80: Gene 

expression array probes were aligned to the human reference genome (hg19) and gene 

models (RefSeq). Probes lacking unique genomic or transcriptomic alignments were 

discarded. Furthermore, probes overlapping common polymorphisms (minor allele 

frequency > 5%, based on 1KGP pilot release data) were discarded. Gene expression 

array feature intensities were extracted from arrays, background subtracted and log2 

transformed. Missing data was imputed by k nearest neighbors (R package impute, 

function impute.knn, k = 10). The distribution of expression measurements on each array 

was normalized to the average empirical distribution across all arrays (R package 

limma, function normalizeBetweenArrays, method quantile). For each probe and across 

arrays, the distribution of expression values was transformed to the quantiles of the 

standard normal distribution (R function qqnorm). This matrix of processed gene 

expression values was then subjected to PCA (R package pcaMethods, function pca). We 

controlled for the effect of these PCs by taking the residuals of linear models using the 

first 15 PCs as covariates. Values from replicate arrays were then averaged. Because this 

sample set included both European and African American individuals, residual 

expression values were then transformed to the quantiles of the standard normal 
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distribution, within each population, and then pooled. Given the mappings of probes to 

gene models, if there were multiple probes that mapped to the same gene, probes were 

clustered [R package mclust, function Mclust(y,G=1:min(4,probe_count))] and the mean 

per cluster per individual was estimated. These residuals were then transformed by 

gene to standard normal. These data were used as phenotypes for the eQTL scan. 

Genotype data were processed and quality controlled as follows80. Genotyping 

was performed on the Illumina human 610 quad beadchip platform (GPL8887) at the 

Northwestern University Center for Genetic Medicine Genomics Core Facility according 

to the manufacturer's instructions. One sample was removed because it had a no call 

rate >10%. The initial marker set comprised 620,901 markers. 8,300 markers were 

removed because they showed significant deviation from Hardy-Weinberg equilibrium 

(HWE, Fischer's exact test, p < 0.001). 29,705 SNPs were removed from the analysis 

because they had a no call rate in more than >10% of the samples. Hence, our final 

marker set is comprised of 583,073 SNPs. Imputation was performed using impute2 and 

the full 1KGP reference panel, as per impute2 recommendations, in 5 Mb segments 

using the commands: 

impute_v2.2.2_x86_64_dynamic/impute2 -prephase_g  -Ne 20000 

impute_v2.2.2_x86_64_dynamic/impute2 -Ne 20000 

The cis-eQTL scan was conducted with Bayesian regression using all SNPs 

within 1 Mb of the gene using the command: 
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snptest_v2.5-beta4 -use_raw_phenotypes -bayesian 1 -method expected -pheno 

pheno1 -prior_qt_mean_b 0 -prior_qt_V_b 0.02 -prior_qt_a 3 -prior_qt_b 2 

2.3.11 Multiple Sequence Alignment 

Multiple sequence alignments and percent identity matrices were constructed 

using Clustal Omega using default settings http://www.ebi.ac.uk/Tools/msa/clustalo/)174. 

Protein and DNA sequences were downloaded from UCSC genome browser175. 

2.4 Results 

2.4.1 Identification of regulatory variants in the HKDC1 locus 

The strongest genetic association with 2 hr plasma glucose was located within 

the first intron of HKDC1 at rs4746822. That variant and variants in moderate LD with 

rs4746822 (r2 > 0.3) lie within a region of the genome exhibiting chromatin modifications 

consistent with active gene regulation across diverse tissues (Appendix A, Figures 14 

and 15, Table 3). To investigate the potential for regulatory variation contributing to the 

association with gestational hyperglycemia, we focused on a ~30 kb region defined both 

by the observed pattern of LD in the region and by evidence of gene regulation. As 

shown in Appendix A, Figure 15, there is little evidence of regulatory activity 

immediately flanking the target region, increasing our confidence that any regulatory 

variants contributing to the genetic association will be evaluated. There were three 

genotyped variants and nine imputed variants in the target region that were associated 
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with 2 hr plasma glucose at genome-wide significance (p < 1 x 10-8). Together, those data 

led us to hypothesize that rs4746822 or variants in LD with rs4746822 influence maternal 

glucose metabolism by altering the activity of regulatory elements that control HKDC1 

expression. 

  

 
Figure 5: Coordinated allelic regulation of HKDC1. (A) Map of chromatin 

landscape and the HKDC1 genome wide association (GWA) locus target regions. 

Evidence of active regulatory elements – genomic regions with the covalent histone 

modifications H3K4me1 and H3K27ac as measured by ChIP-seq and open chromatin 

measured by DNase-seq – is shown across the genomic locus associated with gestational 

hyperglycemia. Green boxes indicate candidate the regulatory elements whose activity 
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was measured with luciferase reporter assays. Histone modification and open chromatin 

data were obtained from the ENCODE project. (B) For each regulatory element in a, the 

enhancer activity (y-axis) is plotted against DNase-seq signal averaged across the 

element (x-axis) in HepG2 cells (n= 8 to 19). Enhancer activity was determined by 

dividing the relative luciferase signal from the most active haplotype by that of a control 

vector with the same promoter but no enhancer. The red line indicates the Pearson 

correlation between DNase-seq signal and enhancer activity. Error bars show standard 

deviation (s.d.). (C) Coordinated regulatory variation in the HKDC1 locus. SNPs that are 

significantly associated with gestational hyperglycemia (“GWA SNPs”), HKDC1 mRNA 

expression (“HKDC1 eQTLs”), or regulatory activity in allele-specific luciferase reporter 

assays (“Reg. Vars”) are marked with an asterisk. (D) Example box plots showing allele 

specific regulatory activity for the four SNPs that were significantly associated with 

gestational hyperglycemia, HKDC1 expression, and luciferase reporter gene expression. 

In each example, they associated with increased 2 hr plasma glucose are shown in bold 

face. The bottom and top boxes are the first and third quartiles, and the band inside the 

box is the median. The ends of the whiskers represent the lowest and highest data points 

within 1.5 interquartile range of the lower and upper quartiles. Black squares represent 

outliers defined as 1.5 times the interquartile range above the upper quartile or below 

the lower quartile. The number of replicate measurements followed by each allele are as 

follows:  103 of rs10762264A, 79 of rs10762264G, 80 of rs4746822C, 115 of rs4746822T, 129 

of rs2394529C, 47 of rs2394529G, 80 of rs9645501A, and 80 of rs9645501G37.  

 

Within the target region, we identified 11 candidate regulatory elements based 

on increased chromatin accessibility across 16 tissues including the metabolically 

relevant liver stellate cells and pancreatic islet  cells, (Figure 5A, Appendix A, Table 

3)176; 177. The candidate regulatory regions account for 8.5 kb (28%) of the nucleotides in 

the 30 kb target region. Of the 425 variants in the target region identified by the 1KGP, 

132 (30%) were in the candidate regulatory elements32. There were 203 total haplotypes 

of the individual regulatory elements, 60 of which were common in the 1KGP 

population (haplotype frequency > 1%). The 60 common haplotypes accounted for 98% 
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of all of the haplotypes for the regulatory elements sequenced by the 1KGP (Appendix 

A, Table 4).  

To determine if genetic variation in the identified regulatory elements influences 

endogenous HKDC1 expression, we compared the variants associated with gestational 

hyperglycemia to those associated with gene expression changes in an eQTL study 

performed in primary human livers80. To do so, we imputed the tag variants from both 

the GWA and eQTL studies to the variants identified in the 1KGP32. That analysis 

revealed four significant eQTLs for HKDC1 [log10(Bayes Factor) > 2.5] within DNase I 

DHS that were also associated with maternal 2 hr glucose levels (Figure 5B,  Appendix 

A, Figure 15). We did not find evidence that the same variants also influence expression 

of nearby HK1 in the same study, and known HK1 eQTLs in other cell types do not 

overlap the variants associated with maternal glucose levels178. When we expanded our 

eQTL analysis to all genes within 500 kb of HKDC1, we did not find any evidence that 

variants associated with 2 hr maternal glucose levels were also eQTLs for those genes 

(Appendix A, Figure 16). Together, these results suggest that genetic variants associated 

with gestational hyperglycemia near HKDC1 alter HKDC1 expression. 

To identify causal variants that control HKDC1 expression, we used luciferase 

reporter assays to measure allele-specific regulatory activity of the candidate regulatory 

elements in the region in the HepG2 liver cell line. We identified 1KGP subjects that 

maximized the genetic diversity in the candidate regulatory elements, and used PCR to 
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clone the regulatory elements from those individuals upstream of a Simian Virus 40 

promoter driving expression of a luciferase reporter gene. From the genomes of 19 

individuals (Appendix A, Table 5), we cloned 60 different naturally occurring 

haplotypes representing 93% of the haplotypes of the 11 regulatory elements that were 

identified by the 1KGP. To disentangle the effects of individual variants on expression 

that do not segregate in the population and to increase our power to detect regulatory 

effects of variants that are rare in the population, we used site directed mutagenesis to 

generate reporter constructs for 45 additional haplotypes. By balancing the number of 

observations of each allele, we were able to alleviate some of the loss in power due to 

allele frequency differences (Appendix A, Table 6). In total, we assayed 105 haplotypes 

composed of 57 variants. Nine of the 11 regulatory elements had enhancer activity, with 

relative luciferase expression between 1.9 to 14-fold over control (Appendix A, Figure 

17). Enhancer strength was positively and significantly correlated with average DHS 

peak intensity in HepG2 cells (Spearman ρ = 0.64, p < 0.05, Figure 5B), however, we did 

not find significant correlation between DHS peak width and enhancer strength 

(Appendix A, Figure 18). We do not take these results as evidence that DHS peak 

intensity generally predicts enhancer strength, only that DHS sites are enriched for 

active regulatory elements. 

To identify individual genetic variants in the regions that altered enhancer 

activity, we used a multiple linear regression model to estimate the effect of each variant 
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acting independently on reporter expression (Appendix A, Figure 19). That analysis 

revealed 14 variants distributed across six regulatory elements that significantly altered 

gene expression (Bonferroni-adjusted p < 0.01, Figure 5C, Table 1, and Appendix A, 

Table 7).  

Table 1: Association of functional genetic variants with regulatory activity (β-

luciferase (β-luc), HKDC1 expression (β-eQTL) and gestational hyperglycaemia (β-

GWA) 37. 

Region SNPid Non 

Risk 

Risk MAF β Luc 95% CI Luc β 

eQTL 

β 

GWA 

log10(bf)  

eQTL 

p GWA R2 

III rs10762264 G 

 

A 0.48 -3.13 -4.64 to -1.62 -0.327 6.946 3.4654 3.75E-12 0.906 

 
III rs12241136 T A 0.10 -2.77 -3.72 to -1.81 0.057 3.639 

 

-0.0459 2.739E-4 0.001 

 
VI rs78983061 C A 0.06 2.21 0.72 to 3.70 0.061 0.496 0.01597 0.6198 0.064 

VI rs7089277 G T 0.07 8.59 6.07 to 11.10 0.040 3.942 -0.0701 8.07E-05 0.150 

 
VI rs4746822 C T 0.49 -6.7 -9.10 to -4.29 -0.322 7.242 3.3899 4.41E-13 1.000 

VII rs4746824 C A 0.22 1.18 0.70 to 1.66 -0.195 2.792 1.0366 0.005238 0.180 

 
VII rs75405157 T C 0.06 1.55 1.02 to 2.09 0.061 0.481 0.01399 0.6306 0.004 

VII rs2394529 G C 0.5 -1.41 -2.11 to -0.69 -0.308 7.043 3.0703 1.88E-12 0.954 

 
VIII rs9645501 G A 0.34 -2.08 -2.81 to -1.33 -0.287 4.449 2.6947 8.61E-06 

 

0.559 

 

 

VIII rs147449838 G A <.01 -1.23 -1.91 to -0.54 * * * * < 0.001 

VIII rs200216341 G A <.01 -1.31 -2.00 to -0.63 * * * * < 0.001 

IX rs1983128 G A <.01 -4.45 -5.94 to -2.96 -0.168 1.180 0.55676 0.2378 

 

0.036 

 
X rs5030945 T C 0.45 -28.14 -37.05 to -20.14 -0.011 2.359 -0.22229 0.01831 

 

0.077 

 
X rs874557 A G 0.45 -31.58 -44.26 to -18.83 -0.001 2.357 -0.22318 0.01843 

 

0.077 

 
Notes: * indicates parameters and p-values that were not estimated. All β’s are relative to 

the risk allele. Bolded values indicate β estimates that are significantly different from 0 for 

Luciferase reporter assays (t-test, Bonferroni adjusted p < 0.05, n > 12), eQTL ([log10(Bayes Factor) 

> 2.5], n = 532) and GWA (F-test, p < 1 x 10-8 , n = 4,437). R2 values are relative to rs4746822. 

In agreement with other studies, we found that the effect of a single variant on 

enhancer activity is generally < 2 fold179-181. We next determined if the estimated effects of 

individual variants within an element behaved cumulatively. For each of the six 

elements containing regulatory variants, we quantified the expected luciferase values for 

each haplotype by adding the coefficients based on each variant within the haplotype 
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and plotted those against the observed luciferase values. In all six elements, predicted 

luciferase values were positively and significantly correlated with observed luciferase 

values (Pearson r2 > 0.25, p < 0.0001, Appendix A, Figure 20). Although we observe 

cumulative effects, we cannot dismiss the possibility of more complex interactions. 

The results from the allele-specific reporter assays were positively validated in 

the liver eQTL study. For 10 out of 12 variants present in the eQTL analysis, the effect 

observed in our allele-specific reporter assays was in the same direction as predicted by 

the eQTL association (p = 0.02, binomial test). Among the validated regulatory variants 

were four genome-wide significant eQTLs (Figure 5D, Table 1). The observed effects of 

those four variants in our reporter assays were not specific to HepG2 cells. Specifically, 

in seven of the eight cases in which one of the variants significantly altered regulatory 

element activity in a different cell type, the direction of the effect was consistent with 

that observed in HepG2 cells (Appendix A, Table 8). Together, these results indicate that 

rs10762264, rs4746822, rs2394529, and rs9645501 are regulatory variants in four separate 

enhancers that contribute to HKDC1 expression in human liver. 

2.4.2 The identified regulatory variants have coordinated effects 

In order for the regulatory variants identified to collectively contribute to 

maternal glycemia, we hypothesized that there would be coordination between allele-

specific regulatory element activity and maternal 2 hr glucose levels. Supporting our 

hypothesis, all four variants that were significant eQTLs for HKDC1 in liver were 
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associated with maternal 2 hr glucose levels with three reaching genome wide 

significance in the imputed GWA data (Table 1). All four alleles that were associated 

with increased 2 hr glucose also had decreased luciferase expression in the reporter 

assays and decreased HKDC1 expression in the eQTL analysis (Figure 5D, Table 1). We 

expanded the analysis to include 12 genome-wide significant SNPs associated with 2 hr 

glucose and found that each of the 12 SNPs associated with increased glucose also 

associated with decreased HKDC1 expression (p = 0.0002, binomial test). We further 

expanded the analysis to include all 178 tested SNPs within the 30 kb locus and found 

the risk allele to decrease HKDC1 expression in 131 cases (p = 1.14 x 10-10). Together, 

those results support a model in which multiple genetically linked regulatory variants 

have a coordinated effect of reducing HKDC1 expression in women with higher 

gestational glucose levels. Exceptions to the coordination were limited to variants that 

were not significantly associated with 2 hr plasma glucose levels or HKDC1 expression 

and that were not in strong LD with the lead GWA variant. For rs7089277, the minor 

allele frequency is low (7%) and therefore the variant may have limited effects in the 

population, and there is only nominal association with 2 hr glucose (p = 8.02 x 10-5). The 

2 SNPs in region X have large luciferase β’s, but were not significantly associated with 2 

hr glucose (p = 0.0183 and 0.0184), were not in LD with rs4746822 (r2 = 0.077), and did 

not significantly associate with HKDC1 expression. Furthermore, reporter assays in three 

additional cell types found cell-dependent effects for the variants in region X (Appendix 
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A, Table 9). Together, these results indicate that there are strongly coordinated 

regulatory effects across the genomic region associated with 2 hr plasma glucose levels, 

and that exceptions to that coordination likely do not contribute to the expression of 

HKDC1. 

2.4.3 HKDC1 is a novel human hexokinase gene 

Having demonstrated that alleles associated with higher maternal 2 hr glucose 

levels decrease HKDC1 expression, we next sought to understand whether HKDC1 has 

hexokinase activity that may explain its contribution to glucose homeostasis. 

Phosphorylation of glucose by hexokinase is the first step in glucose metabolism. 

Screens for hexokinase activity in rat cells have identified four distinct hexokinases 

using electrophoresis and chromatography. Those genes have been mapped, and are 

known as HK1, HK2, HK3, and glucokinase (GCK)182-184. Reduced hexokinase activity has 

previously been associated with metabolic phenotypes including diabetes185; 186. 

To determine if HKDC1 contributes to cellular hexokinase activity, we first used 

siRNA-mediated knockdown to model the genetically reduced levels of HKDC1 

expression present in women with higher 2 hr glucose concentrations, and measured 

the effect of that reduction on cellular hexokinase activity. Targeting HKDC1 with two 

different siRNAs individually and together in HepG2 cells, we reduced mRNA 

expression by 35–60%. Reduced HKDC1 expression resulted in a dose-dependent 

decrease in cellular hexokinase activity (Figure 6A). The siRNAs were specific and did 
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not alter expression of the HK1, HK2, or GCK (Figure 6B). HK3 expression was not 

detectable in HepG2 cells, as expected176. The magnitude of reduction in hexokinase 

activity indicates that about half of the hexokinase activity in HepG2 cells is due to 

HKDC1. The result agrees with RNA-seq data showing that half of the hexokinase 

mRNA expression in HepG2 cells is HKDC1 (Appendix A, Table 10). Providing further 

evidence that HKDC1 contributes to cellular hexokinase activity, we also found that 

overexpression of HKDC1 mRNA by transient transfection of an HKDC1 expression 

plasmid increased cellular hexokinase activity (Figures 6C and 6D). 
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Figure 6: HKDC1 is a hexokinase. (A) Two different siRNAs were used to 

knockdown HKDC1 in HepG2 cells. Quantification of hexokinase (HK) activity from 

whole cell lysates shows a dose-dependent decrease in HK activity with reduced 

HKDC1 expression (n = 4). (B) siRNAs are specific to HKDC1 and do not impact the 

expression of the other human hexokinase genes that are expression in HepG2 cells (n = 

4). (C,D) Transient overexpression of HKDC1 increases total hexokinase activity in 

HepG2 cells compared to controls which were transfected with a plasmid expression a 

truncated HKDC1 (n = 2). (E,F) Adenoviral-mediated overexpression of HKDC1 

overexpression in INS-1 cells increased the amount of HKDC1 protein and cellular HK 

activity across a range of 0-50 mM glucose shown in f. The level of hexokinase activity 

was determined by dividing the optical density at 490 nm (OD490) at each glucose 

concentration by the OD490 at 50 mM glucose in all 3 transduction conditions, 

respectively (n = 3). (G) HKDC1 and HK1 protein was expressed in bacterial cells and 

isolated. Purity of the isolated protein was demonstrated with Coomassie-blue staining. 
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(H) Hexokinase assays performed on the purified protein demonstrate that both HKDC1 

and HK1 have hexokinase activity. Specific activity was defined as micromoles of 

NADPH generated per hour per microgram of protein (n = 2). All error bars show s.d37. 

 

To demonstrate that the activity of HKDC1 was not specific to HepG2 cells, we 

transduced the rat pancreatic  cell line, INS-1, with an adenovirus that expressed 

HKDC1 from a human cytomegalovirus promoter, and measured hexokinase activity in 

the cell lysates at glucose concentrations ranging from 0-50 mM172. The predominant 

hexokinase in INS-1 cells is GCK, and the cells have little or no detectable low Km 

hexokinase activity172. Cells transduced with the HKDC1 adenovirus had substantially 

increased HKDC1 protein (Figure 6E, Appendix A, Figure 21), and increased 

hexokinase activity across the concentration range (Figure 6F, Appendix A, Figure 22). 

Moreover, the shift in the dose-response curve suggests that HKDC1 has a lower Km 

than GCK. Adenoviral-mediated HKDC1 overexpression did not alter the expression of 

HK2, HK3, or GCK and decreased HK1, demonstrating that the virus specifically 

overexpressed HKDC1 (Appendix A, Figure 23). Transduction also did not result in 

decreased cell density (Appendix A, Figure 24). We repeated the experiment with 

independently purified virus and independently grown INS-1 cells, with similar results 

(Appendix A, Figure 25). Together, these results demonstrate that HKDC1 contributes 

to cellular hexokinase activity either through direct hexokinase activity or through 

modulating the activity of the other hexokinases. 
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Based on the extent of nucleotide and amino acid similarity between HKDC1 and 

members of the hexokinase family (Appendix A, Table 11 and 12), we hypothesized that 

the effects of HKDC1 expression on cellular hexokinase activity are in part the result of 

the direct enzymatic activity of HKDC1. To test that hypothesis, we purified HKDC1 

and compared its specific activity to that of purified HK1. Protein purity was confirmed 

via a Coomassie blue stain (Figure 6G, Appendix A, Figure 21). Results of the assays 

indicate that HKDC1 protein alone has hexokinase activity, with 20% of the specific 

activity of HK1 under the same conditions (Figure 6H). Because our results show 

HKDC1 hexokinase activity in vitro and in vivo, we propose renaming the HKDC1 gene 

to HK5. 

2.5 Discussion 

We have shown that regulatory variation associated with gestational glucose 

metabolism alters expression of a novel human hexokinase. This result adds to the 

growing empirical evidence that regulatory variants contribute to a variety of common 

complex human phenotypes96; 187; 188. Moreover, our results provide empirical evidence 

that regulatory variants spanning multiple enhancers have a coordinated allelic effect on 

HKDC1 expression. A recent analysis suggests that such coordinated effects may be a 

common mechanism by which regulatory variants influence gene expression187. Such 

coordinated disruption of regulatory haplotypes may also explain how modest effects of 

individual regulatory variants can together have a sufficiently strong effect so as to be 
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detectable in a genome-wide genetic analysis179. The burden of multiple genetic variants 

disrupting regulatory haplotypes may therefore help explain the overabundance of non-

coding genetic variants in GWAS. Notably, however, independent effects were not 

observed in our analysis of the liver eQTL data. This negative result may be explained 

by differences in effect size, limited power between closely linked variants, and tissue-

specific effects (Appendix A, Figure 26). Together, we take the results presented here to 

be consistent with a model of coordinated regulatory variation, and we emphasize the 

need for additional investigation. In part, challenges of strong association between 

variants and heterogeneous effect sizes may be overcome with high-throughput 

empirical investigation of allele-specific regulatory activity in large populations98; 179. 

Importantly, the plasmid-based reporter assays used to detect regulatory 

variants here are likely biased towards detecting regulatory elements that act 

independent of genome context. Additional elements may be active when in the native 

genomic context, where interactions between from multiple clustered regulatory 

elements contribute to effects on nearby gene regulation. Similarly, determining the 

direct effects variants detected here on endogenous gene expression remains a challenge. 

Addressing that possibility will require additional studies that include genomic context, 

potentially through direct modification of the genome via genome editing189; 190. 

Studying regulatory effects in the locus associated with maternal glycemia also 

led us to the discovery of a novel human hexokinase that appears to have important 
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metabolic effects during pregnancy. Previous screens to identify vertebrate hexokinases 

have identified HK1, HK2, HK3, and GCK, but did not identify HKDC1191; 192. One 

possible reason why HKDC1 was missed previously is that a high degree of structural 

similarity between HKDC1 and HK1 may have obscured separation in chromatography 

and electrophoresis. We also found that purified HKDC1 has reduced hexokinase 

activity when compared to HK1 in our in vitro assays. One possibility is that additional 

co-factors could be required for full HKDC1 activity in vitro, but that those factors are 

lost during the purification process. Such diminished hexokinase activity may have 

prevented earlier detection of HKDC1 as a hexokinase by less sensitive methods.  

The tissues that are most relevant for HKDC1’s role in meeting the metabolic 

demands of pregnancy are not yet known, nor is it known how HKDC1 is regulated in 

response to pregnancy hormones. We expect that future evaluation of these questions 

will provide new insights into the metabolic changes that occur during pregnancy. More 

broadly, the results from this study demonstrate the value of identifying and pursuing 

the targets of noncoding phenotype-associated genetic variants for revealing novel 

mechanisms of human disease84. 
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Chapter 3. Massively parallel quantification of the 

regulatory effects of non-coding genetic variation in a 

human cohort 

This research chapter is based on a research article published by Christopher Vockley*, 

Cong Guo*, and William Majoros* et al. in the journal Genome Research in 2015 (*co-first 

authors) 

3.1 Overview 

We report a novel high-throughput method to empirically quantify individual-

specific regulatory element activity at the population scale. The approach combines 

targeted DNA capture with a high-throughput reporter gene expression assay. As 

demonstration, we measured the activity of more than 100 putative regulatory elements 

from 95 individuals in a single experiment. We found that, in agreement with previous 

reports, most genetic variants have weak effects on distal regulatory element activity. 

Because haplotypes are typically maintained within but not between assayed regulatory 

elements, the approach can be used to identify causal regulatory haplotypes that likely 

contribute to human phenotypes. Finally, we demonstrate the utility of the method to 

functionally fine map causal regulatory variants in regions of high linkage 

disequilibrium identified by eQTL analyses. 
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3.2 Introduction 

There are now several examples of noncoding genetic variants that alter the 

activity of regulatory elements and contribute substantially to complex traits and human 

diseases31; 33; 37; 72; 187; 193. Such examples are likely representative of a larger trend that 

genetic variations in regulatory elements are a major contributor to complex phenotypes 

and disease72; 194. Genetic effects on gene regulation are pervasive, as demonstrated by 

association studies revealing eQTL for the majority of human genes195-197. Recent studies 

have further demonstrated that genetic variants associated with DNase I 

hypersensitivity, a strong predictor of the presence of a regulatory element, explain a 

substantial proportion of eQTLs75, and that individuals who are heterozygous in those 

elements likely have heritable allele-specific open chromatin and transcription factor 

binding198-200. While there is now much evidence supporting the contributions of 

regulatory variation to human phenotypes, systematically identifying the specific 

variants and regulatory elements that contribute to phenotype remains a major 

challenge. 

One of the major reasons that challenge remains is that patterns of recombination 

across the genome limit the resolution of genetic association studies and prevent the 

identification of specific causal variants. That limitation motivates the development of 

complementary empirical approaches to assay the consequences of non-coding genetic 

variation on regulatory element activity31; 35-37. In a reporter gene expression assay, for 
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example, a gene regulatory element is cloned into a plasmid where the element can 

control the expression of a fluorescent or chemiluminescent protein.  The plasmid is then 

transfected or infected into cells, and the activity of the regulatory element is estimated 

by measuring the expression of the reporter gene.  Several examples have now shown 

that reporter assays are a valuable tool to compare the function of genetically different 

versions of the same regulatory element and to identify non-coding variants that explain 

genetic associations with gene expression and phenotypes36; 37.  Recent advances have 

dramatically increased the throughput of reporter assays by embedding molecular 

barcodes within the reporter gene that can later be observed with DNA sequencing97-100, 

and the regulatory activity of more than one million unique DNA fragments can now be 

assayed in a single experiment using such massively parallel reporter assays101.  

Here, we have developed a novel high-throughput approach to efficiently 

measure the activity of regulatory elements captured from the genomes of a human 

study population. Previous approaches to identify genetic effects on regulatory element 

activity have used DNA synthesis and random mutagenesis to generate mutations in 

select regulatory elements97; 99; 100.  By instead assaying putative regulatory elements 

captured from donor genomes, the strategy presented here allows for high-throughput 

empirical measurement of the effects of regulatory variants specific to the study 

population.  Moreover, because haplotypes are maintained within each regulatory 

element, empirical measurement of the combined effects of all common, rare, and 
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personal variants within a regulatory element are possible.  The result is individual-

specific measurements of regulatory element activity across the study population.  

Because candidate regulatory elements are assayed independently of each other, the 

approach is an effective strategy to identify causal mutations within large regions of 

statistical association between genotype and phenotype.  Together, these results 

demonstrate that population-scale functional reporter assays are a valuable strategy for 

identifying specific causal genetic variants and haplotypes within genomic loci 

previously associated with phenotype. 

3.3 Methods 

3.3.1 TruSeq Custom Amplicon Sequencing 

We defined a target region as the region containing all variants in LD (D’ > 0.05) 

with the lead SNP previously reported to be associated with fetal adiposity201. All 

annotated exons and all sites with evidence of putative enhancer activity as determined 

by the presence of DHS in two or more cell lines studied by the ENCODE Project 

Consortium 202 were selected for capture. Captured sites included 10 bp of flanking DNA 

to ensure that the entire putative regulatory site was included in the study. Lists of 

annotated DHS from the ENCODE Project Consortium were downloaded as BED files 

from http://genome.ucsc.edu/ENCODE/downloads, and the union of overlapping DHS 

sites was obtained using the "merge" command in BEDTools 203. TruSeq custom 

amplicon probes targeting the regions as well as the exons of CCNL1, LINC00880, 
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LINC00881, and the five exons of VEPH1 residing within the LD block were designed 

using the Illumina Design Studio. The probes were designed to not overlap any known 

SNPs and capture an additional 25 bp flanking each DHS site. The final design consisted 

of 174 amplicons with lengths ranging from 398 bp to 450 bp (mean length of 409 bp and 

a median length of 402 bp) capturing a total of ~60 kb of DNA. We designed the 

amplicons to be less than 450 bp to ensure that paired-end 250 bp sequencing would 

cover the entire length of the fragment. Library construction was conducted via the 

standard protocol provided by Illumina using 250 ng of genomic DNA per reaction. The 

libraries were pooled and sequenced using paired-end 250 bp reads on an Illumina 

MiSeq instrument. 

3.3.2 Variant Calling and Phasing 

Sequencing reads were demultiplexed and aligned to the target regions using the 

standard Illumina Custom Amplicon Workflow protocol. Reads were first aligned to the 

downstream locus-specific and upstream locus-specific oligonucleotide primers used to 

amplify the targeted regions. Then, the alignment was performed using a banded Smith-

Waterman alignment. Variant calling was performed using tools from the Genome 

Analysis Toolkit (GATK) version 3.2-2, according to GATK Best Practices 

recommendations204-206. Per September 2014 guidelines for small targeted experiments, 

this workflow included using HaplotypeCaller to call variants in target regions 

individually per subject, followed by joint genotyping using GenotypeGVCFs to 
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produce a multi-sample VCF. Default settings were used for both tools. After variant 

calling, the following annotations and thresholds were used to remove low confidence 

SNPs, based on GATK recommendations for hard filtering: QD < 2.0; MQ < 40.0; FS > 

60.0; MQRankSum < -12.5; ReadPosRankSum < -8.0; QUAL < 100.0. Similarly, the 

following filters were applied to remove low confidence indels: QD < 2.0; FS > 200.0; 

ReadPosRankSum < -20.0; InbreedingCoeff < -0.8; QUAL < 100.0. After hard-filtering, 

haplotypes were estimated with SHAPEIT2 software 207-209 using the “Read Aware 

Phasing” algorithm 210. Per SHAPEIT2 documentation, linkage disequilibrium patterns 

necessary for haplotype inference can be adequately captured using MCMC sampling in 

studies with at least 100 subjects, so reference panels were not incorporated and default 

algorithm parameters were used.  

3.3.3 Reporter Input Library Construction 

PCR amplicons from Illumina custom capture libraries from 95 individuals were 

pooled in equal volume. The resulting pools were then PCR amplified to add 15 bp of 

sequence matching the STARR-seq backbone using primers TS2SSF and TS2SSpatientR 

using Q5 polymerase with GC buffer (New England Biolabs) using the following cycling 

conditions: 98 °C for 15 s and cycles of (98 °C for 10 s, 63 °C for 30s and 72 °C for 3 min). 

The resulting products were purified using Solid Phase Reverse Immobilization (SPRI) 

beads at a 1.8x SPRI:reaction ratio. 
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The STARR-seq screening vector was digested overnight with SalI and AgeI and 

linearized backbone was purified with the Wizard SV Gel and PCR Clean-Up kit 

(Promega). 100 ng of backbone and 23 ng pooled insert were cloned in two 20 μl Gibson 

assembly reactions. The reactions were purified using SPRI beads and eluted in 5 μl 

ddH20 and then transformed into Stellar chemically competent cells per manufacturer 

protocol. Transformations were recovered for 1 h in SOC medium while shaking (225 

rpm, 37 °C) and then grown for 14 h in 250 mL of Luria Broth while shaking (225 rpm, 

37 °C). The resulting reporter input libraries were then purified using the Promega Pure 

Yield Maxiprep kit.  

To assess variant diversity in the population STARR-seq input libraries, the 

fragments inserted into each were sequenced on an Illumina MiSeq. 10 ng of each input 

library were PCR amplified using indexed custom sequencing primers and Q5 

polymerase in GC buffer (New England Biolabs). The following thermal cycling protocol 

was used: 98 °C for 30 s, followed by 10 cycles of (98 °C for 10 s, 65 °C for 30 s, 72 °C for 

2 min), with a final extension at 72 °C for 7 min. The reporter input pool PCR product 

was purified using SPRI beads (1.8x SPRI:DNA ratio) and sequenced on an Illumina 

MiSeq Instrument using 250 bp paired-end reads. Primer sequences are available in 

Appendix B, Table 18. 
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3.3.4 Reporter Output Library Construction 

Population STARR-seq input libraries were combined in equimolar pools and 

transfected into T-150 flasks of HepG2 cells with Fugene (Promega) at a 5.5:1 ratio of 

Fugene:DNA. Eight replicate transfections were performed. Forty-eight hours after 

transfection, RNA was harvested as follows.  

Cells were rinsed with PBS pH 7.4 and incubated for 3 min at 37 °C with DNase I 

(5 mg DNase I in 1 ml of buffer containing 10 mM Tris-HCl pH 7.5, 150 mM NaCl and 1 

mM MgCl in DEPC treated water diluted to a total volume of 24 ml in PBS). Cells were 

rinsed again with PBS and then dissociated with Trypsin-EDTA 0.25% (Life 

Technologies). Trypsin was neutralized with HepG2 tissue culture medium and cells 

were pelleted via centrifugation. Cell pellets were rinsed once with PBS and then lysed 

in 2 ml of RLT buffer (Qiagen) with 2-mercaptoethanol (Sigma). 

Total RNA was prepared using Qiagen RNeasy Midi kit including the on-column 

DNase I digestion step. Poly-A RNA was isolated from 70 μg of total RNA by double 

selecting with Dynabead Oligo-dT25 beads (Life Technologies). The RNA was then 

treated with turboDNAse (4 U) for 30 min at 37 °C (Life Technologies). DNase treated 

poly-A RNA was purified using the RNeasy Mini kit. 

cDNA was synthesized using the STARR-seq gene-specific primer using 

Superscript III (Life Technologies). Reaction volumes were scaled to 50 μl. Reactions 

were incubated for 2.5 h at 55 °C and inactivated by incubating at 70 °C for 15 min. 
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Following synthesis, cDNA was treated with RNaseA (Sigma) at 37 °C for 30 min. cDNA 

was purified with SPRI beads at a 1.5:1 bead:cDNA ratio (by volume). 

The cDNA was then amplified using a two stage PCR with a protocol similar to 

the published STARR-seq protocol101. The cDNA sample from each replicate was used as 

input into first round reporter specific PCR reactions using primers “reporter specific 

primer1” and “reporter specific primer2”, and Q5 high-fidelity polymerase (New 

England Biolabs) with GC buffer (denaturing at 98 °C for 45 s, amplification with 15 

cycles of 98 °C for 15 s, 65 °C for 30 s, and 72 °C for 70 s; final extension at 72 °C for 7 

min). Samples were then purified using SPRI beads at 1.5x ratio of bead:PCR product 

and eluted in 15 μl nuclease free water. The resulting products were used as template for 

a second round of PCR, which used a standard Illumina TruSeq indexing primer on the 

p5 end of the library and custom indexing primers (Appendix B, Table 18) to barcode 

the samples for multiplexing prior to sequencing (Illumina). Final sequencing libraries 

were purified with SPRI beads at a 1.5x SPRI:PCR reaction ratio.  

3.3.5 Identifying Regulatory Variants in Population STARR-seq 

Haplotype sequences were imputed using the phased VCF file by inserting 

phased variants into reference sequences from the hg19 genome assembly. Sequencing 

reads were aligned to these haplotypes using Bowtie2211 with strict match parameters 

(mismatch, gap open, and gap extend penalties all set to 100) to ensure exact matching to 

individual haplotypes. Read counts at each SNP were tallied using SAMtools mpileup 
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212. Replicates were pooled to increase statistical power. SNPs having fewer than two 

reads of either input DNA or pooled RNA were discarded from further analysis. Fisher’s 

exact test was used to detect significant differences in minor allele frequency between 

input DNA and output RNA; a pseudocount of 1 was added to each table entry in 

Fisher’s test. Two-tailed p-values were adjusted to control the false discovery rate (FDR) 

to less than 5% via procedure p.adjust() in the standard R package “stats”, which 

implements the Benjamini-Hochberg procedure213. Of 283 SNPs tested, 36 were found 

significant at an FDR-adjusted level of 0.05. SNP effect sizes for each allele were 

computed as the ratio of normalized read counts between variants: 

(RNA0/DNA0)/(RNA1/DNA1) for DNA and pooled RNA read counts for alleles 0 and 1. 

Haplotype effect sizes were computed as normalized ratios for each haplotype versus all 

pooled haplotypes at a locus: 

(RNAhaplotype/DNAhaplotype)/(RNApooled/DNApooled) 

Significance was assessed via Fisher's exact test as above.  

3.3.6 Luciferase Validation Assays 

Selected regions were amplified from the genomic DNA from individuals who 

were heterozygous for regulatory variants identified via the population STARR-seq 

assay. Primer sequences are available in Appendix B, Table 19. The amplified regions 

were then cloned into a modified pGL4.13 luciferase expression vector containing a 

Supercore1 promoter as described101. The construct was then transformed into TOP-10 
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competent cells (Life Technologies) and plated onto LB agar plates with ampicillin and 

incubated overnight at 37°C. In order to capture both haplotypes from subjects who 

were heterozygous in those regions, multiple colonies were selected and grown 

individually in LB media overnight.  Plasmids were extracted using the PureYield 

Plasmid Miniprep System (Promega). Constructs were sequenced using Sanger 

sequencing and variants were confirmed in dbSNP31. HepG2 cells were plated into 

white flat-bottom 96-well plates at a density of 25,000 cells/well. After 48 hr, 100 ng of 

plasmid/well (1:10 Renilla:firefly luciferase ratio) was transfected with Fugene HD 

(Promega) at a 5.5:1 Fugene:DNA ratio. 12 biological replicates for each construct were 

transfected. After 24 hr, firefly luciferase and Renilla luciferase signal were quantified 

using the Dual-glo Luciferase Assay (Promega) using a Victor3 1420 plate reader 

(PerkinElmer). Normalized luciferase signal was calculated by dividing the firefly 

luciferase signal by the Renilla luciferase signal. Statistical significance between the 

normalized luciferase signals for each allele was determined using a Student’s t-test. 

3.3.7 GEUVADIS eQTL Analysis 

Expression-QTLs and gene expression measurements were obtained from the 

GEUVADIS project89. The expression measurements used in this manuscript were from 

462 measurements that passed GEUVADIS quality control, and that had been PEER-

factor normalized214 and transformed to a standard normal distribution 89. Associations 
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between quantile-normalized gene expression levels and genotype were calculated in R 

via the lm() function. 

3.3.8 Allele-specific H3K27ac Analysis 

Allele-specific analysis of H3K27ac ChIP-seq reads was completed by using 

Bowtie211 to read to both possible alleles of as well as flanking regions for rs73170828 and 

rs62274098. Reads were required to align with no mismatches (bowtie parameter “-v 0”), 

and any reads that aligned equally well to both possible alleles were discarded (bowtie 

parameter “-m 1”). The approach follows a previously published method that was 

shown to eliminate alignment biases towards the reference allele199. To test for allele-

specific H3K27ac, the number of unique reads aligning to each allele was tabulated, and 

the statistical tests described were performed using R. 

3.3.9 Data Visualization 

Visualization for rs4266144 case study analysis was completed on the UCSC 

Genome Browser using the GRCh37/h19 release of the human genome175. 

3.3.10 Data Access 

Raw and aligned sequencing data from the input and output STARR-seq 

libraries have been submitted to the NCBI Gene Expression Omnibus (GEO, 

http://www.ncbi.nlm.nih.gov/geo/) under the accession number GSE68331.  

http://www.ncbi.nlm.nih.gov/geo/
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3.4 Results 

3.4.1 Population-scale reporter assay approach 

We designed an empirical strategy to measure the activity of specific candidate 

regulatory elements across a population of individuals (Figure 7A).  The strategy is 

based on the STARR-seq assay101. Briefly, in STARR-seq, candidate regulatory elements 

are cloned into the 3’ UTR of a reporter gene. The resulting plasmid pool is then 

transfected into host cells where the cloned elements can regulate expression of the 

reporter gene in which they are embedded.  High-throughput sequencing of the 3’ UTR 

of the expressed reporter gene mRNA can then be used to estimate the regulatory 

activity of each element. 

To leverage the STARR-seq approach to measure the activity of candidate 

regulatory elements across a population of individuals, we first generate a targeted 

sequencing library of regulatory elements from donor genomes using multiplex PCR.  In 

a subsequent PCR reaction, we then modify the resulting fragment libraries such that the 

sequence of the terminal 15 bp at each end of each fragment matches the ends of the 

cloning site in the STARR-seq backbone.  We then clone the capture regulatory elements 

into the STARR-seq backbone using a homology-based cloning strategy, and expand the 

resulting input library in E. coli.  To assay the activity of each captured fragment, we 

transfect the input library into a human liver carcinoma cell line, HepG2, and use 250 bp 

paired-end sequencing to observe the abundance of each allele of each element in the 
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input pool of transfected DNA and in the expressed reporter gene mRNA.  Using an 

allele-specific analysis strategy, we then estimate the effect of each allele on regulatory 

element activity. 

3.4.2 Targeted sequencing of candidate regulatory elements from a 

GWAS population 

As demonstration of the above approach, we focused on candidate regulatory 

elements from a 250 kb region on 3q25 that we previously found to be associated with 

measures of adiposity at birth201.  We selected the regions to assay based on evidence 

from the ENCODE Project Consortium that suggests potential regulatory activity202.  

Specifically, we aggregated open chromatin data from 40 different cell types relevant to 

metabolism, which yielded an initial set of 128 open chromatin sites. We further 

prioritized those sites by selecting DHS that were present in at least two or more cell 

lines, resulting in a total 104 DHS (Figure 7B).  We designed 174 PCR amplicons to 

amplify from the 104 candidate regulatory elements.  The amplicons had an average 

length of 409 bp. We then used multiplex PCR to amplify those elements from 95 

individuals at the extremes of adiposity in the genetic association cohort201. 

To quantify the genetic variation in the captured elements, we sequenced the 

regions using paired end 250 bp sequencing. That read length was sufficient to observe 

the entire sequence of each amplicon. Sequencing was completed to a median depth of 

1500x (Appendix B, Figure 28), resulting in the identification of 321 genetic variants in 

the captured elements. Twenty-three percent of the variants identified were specific to 
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the study population as determined by their absence from dbSNP and the 1000 Genomes 

Project database170; 215. The ratio of transitions to transversions was similar between the 

captured variants and those found in the 1000 Genomes Project (Appendix B, Table 16), 

suggesting that the novel variants were unlikely due to systematic sequencing errors. 

We identified a substantially greater fraction of rare and personal variants in our 

targeted sequencing, likely due to increased sequencing depth that supported more 

highly powered variant calling (Appendix B, Figure 29). The preponderance of study-

specific variants emphasizes the importance of assaying regulatory elements captured 

from the genomes of the study population rather than from a separate cohort.  
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Figure 7: Identification of regulatory variants using population-scale STARR-seq 

assays. (A) Schematic of population STARR-seq assay design. (B) Candidate regulatory 

sites were sequenced in 95 members of the HAPO study patient cohort using Custom 

Amplicon sequencing. The targeted regions overlap open chromatin (DNase I HS) in 

multiple cell types as described in the methods. (C) Population STARR-seq is highly 

reproducible. Rep1-7 are biological replicates generated from independent transfections. 

The X- and Y- axes represent element activity (output RNA reads / input DNA reads). In 

each case, Spearman's ρ is greater than 0.90. (D) Plotted is a comparison of the allele 



 

62 

frequency of each SNP in the cohort DNA to the allele frequency of each SNP in the 

resulting reporter library. Allele frequencies of the cohort DNA used are shown on the 

X-axis; and the allele frequency in the resulting reporter library are on the Y-axis. The 

allele frequencies are highly correlated, as evaluated by a Pearson correlation (r2 = 0.94, 

p < 1 x 10-5). (E) Log2(effect sizes) for non-significant (pink) and significant (FDR < 0.05, 

blue) variants. The effect sizes are small and range between 0.25 - 3.96 fold-change. (F) 

Firefly luciferase assay validations for population STARR-seq. In all cases, the higher 

expressing allele in our high-throughput reporter assay, shown in green, also had higher 

luciferase expression216. 

3.4.3 Quantifying the effects of non-coding variation in a GWAS 

population 

To quantify the activity of the captured candidate regulatory elements, we 

cloned the captured amplicons into the 3’ UTR of the STARR-seq reporter gene 101 to 

generate an input plasmid library. The input library covered 99% of the targeted 

sequence and included both alleles of 88% of the variants observed in targeted 

sequencing of the region at a median coverage of ~2200x (Appendix B, Table 17, Figure 

30). We then performed seven independent transfections of the input library into HepG2 

cells, and used targeted high-throughput sequencing of the expressed reporter gene 

transcripts to measure the allele-specific regulatory activity for each amplicon. The 

sequencing generated a median coverage of the target amplicons of ~13,000x (Appendix 

B, Figure 31), and assayed both alleles of 283 of the 321 SNPs detected in the input 

library. Of the assayed SNPs, 83 (29%) were rare, defined as a minor allele frequency < 

1%. We observed a similar fraction of rare SNPs in the input library (32%), suggesting 

that there was minimal bias against rare variants in the assays. 
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There was strong correlation between the allele ratios in each pair of output 

libraries (Spearman’s ρ between 0.90 and 0.97; Figure 7C), demonstrating reproducibility 

of the assay. There was also strong correlation between the allele ratios in the input 

plasmid pool versus the allele ratios in each of the output libraries (Spearman's ρ 

between 0.80 and 0.88, Appendix B, Figure 32), demonstrating that variants had small 

effects on regulatory activity overall. Cloning the captured candidate regulatory 

elements into the STARR-seq backbone did not introduce biases in the allele frequency 

in the assay as demonstrated by a strong correlation between the allele ratios in the 

plasmid DNA library and the allele ratios in the sequencing of the initial multiplex PCR 

products  (r2 = 0.94, two-sided p < 0.0001; Figure 7D).  We therefore concluded that the 

resulting assay libraries were representative of the genetic diversity in the population. 

When the allele frequencies in the input plasmid DNA library were compared to the 

allele frequencies in the variants called in the 95 individuals, we observed enrichment of 

rare minor alleles in the input plasmid DNA library (Appendix B, Figure 33). Because 

that bias was specific to the comparison with called variants and was not observed when 

comparing to the raw sequencing reads, the bias was likely due underestimation of rare 

allele frequencies by conservative calling of rare variants215. 

To identify individual variants that have a statistically significant effect on 

regulatory activity after taking into account differences in read depth, we pooled reads 

from the replicate output libraries and compared relative variant abundance to the input 
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library using Fisher’s exact test. We identified 27 common and nine rare regulatory 

variants with a false discovery rate (FDR) < 5%. The identified variants had fold changes 

in regulatory activity ranging from 0.25 - 3.96, consistent with previous observations 

using saturation mutagenesis of enhancers (Figure 7E)179. To empirically validate that the 

results were not due to the candidate regulatory elements' location in the 3' UTR of the 

reporter gene, we used a standard luciferase reporter assay in which the candidate 

regulatory element is located upstream of the promoter. In all cases, the allele with 

greater regulatory activity in the STARR-seq assay also had increased luciferase 

expression (Figure 6F). That positive validation indicates that the observed effects were 

not specific to the location of the candidate regulatory element relative to the reporter 

gene. 

3.4.4 Quantifying the effects of non-coding variation in a GWAS 

population 

We next evaluated whether regulatory variants were enriched in the most active 

enhancers, or could instead be due to noise in low-activity or silent candidate regulatory 

elements. We defined an enhancer activity score as the proportion of the total reads 

contributed by a fragment in the targeted RNA-seq output library divided by the 

proportion of the total reads contributed by that fragment in the input DNA plasmid 

library. The fragments that contained regulatory variants had higher-ranking enhancer 

activity scores than those that lacked regulatory variants (Figure 8A; U-test, p < 10-4) 

consistent with regulatory variants being located in the most active candidate regulatory 
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elements. We also asked whether there was evidence that rare alleles were more likely to 

have a stronger effect on regulatory activity, and did not find a statistically significant 

association between effect size and allele frequency (Spearman ρ = -0.18, p = 0.28, 

Appendix B, Figure 34). 

3.4.5 Effects of haplotypes on regulatory element activity 

For 98 of the amplicons, there was more than one polymorphic site (Figure 8B), 

allowing us to ask whether multiple variants act independently to alter regulatory 

element activity at the haplotype level. To investigate that possibility, we generated 

phased haplotype sequences based on the targeted sequencing data, and used sequence 

alignment to assign sequencing reads from the expressed reporter library to each 

haplotype. That analysis allowed us to estimate the relative expression of each of the 

>450 distinct haplotypes assayed, and revealed 24 haplotypes across 16 amplicons that 

significantly altered regulatory element activity (adjusted p < 0.05, Fisher's exact test). 

We then evaluated the extent to which the independent contributions of the estimated 

effects of each SNP in a haplotype predicted the observed activity of the entire 

haplotype (Appendix B, Figure 35). The correlation between the effects predicted by 

individual SNPs and the effects of the haplotype (r = 0.54, p = 0.007) supports an overall 

consistency between SNP effects and their combination into haplotype effects. However, 

there was substantial residual variation that may be due to either experimental noise or 

synergistic effects between variants within haplotypes.   
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3.4.6 Fine mapping genetic associations with phenotypes 

One of the major goals of functionally evaluating regulatory variants is to 

determine genetic effects on regulatory element activity that may explain genetic 

associations with phenotypes. To demonstrate that our strategy can support such fine 

mapping, we investigated a set of SNPs associated with the expression of a long 

noncoding RNA LINC00881 in the region. Specifically, the GEUVADIS project 89 

identified a cluster of nine eQTLs associated with the expression of LINC00881 in 

lymphoblastoid cell lines (LCLs, Appendix B, Figure 36). The variants associated with 

LINC00881 span ~12 kb of the genome. The statistical significance of the association with 

LINC00881 was similar across all nine variants, likely due to high linkage disequilibrium 

across the region (Figure 7C). Four of the nine eQTLs were also assayed in the 95 

individuals with our population scale reporter assays. Only one variant, rs73170828, 

located 242 bp upstream of the annotated LINC00881 transcription start site, 

significantly altered reporter gene expression (Figure8, FDR = 0.02). In the eQTL analysis 

and in our population scale reporter assays, the reference allele of rs73170828 was 

associated with increased gene expression and increased regulatory activity, 

respectively. Together, these results suggest that the promoter-proximal variant 

rs73170828 is a causal variant that regulates the transcription of LINC00881 and explains 

the association of the other eQTLs in the region. As independent support of the 

regulatory function of rs73170828, we searched for evidence of allele-specific histone 3 
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lysine 27 acetylation (H3K27ac), a histone modification associated with active gene 

regulation217. In ChIP-seq experiments performed on LCLs derived from five individuals 

heterozygous for rs73170828218, there was substantially higher H3K27ac on the reference 

allele across the LCLs (p = 0.058, paired Wilcoxon test). Furthermore, there was an 

overall significant increase in the number of reads aligning to the reference allele when 

compared to a null model in which the same proportion of reads align to each allele 

(binomial p = 0.004). Those results are concordant with increased regulatory activity of 

the reference allele in our reporter assays and increased LINC00881 expression. The 

second closest assayed variant, rs62274098, did not have significant allele-specific 

H3K27ac (binomial p = 0.92), suggesting again that rs73170828 and not neighboring 

variants mechanistically contributes to the expression of LINC00881 (Figure 8E). 

Together, these results show that our novel approach for quantifying the effects of non-

coding variation on gene regulation within cohorts reveals likely mechanisms 

underlying genotype-phenotype associations. 
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Figure 8: Comprehensive measurement of haplotype-specific regulatory element 

activity provides mechanistic insights into gene regulation (A) Distribution of enhancer 

activity scores for fragments containing regulatory variants (red) and fragments 

containing non-regulatory variants (blue) (B) Histogram of number of SNPs per assayed 

element. (C) Manhattan plot of eQTLs for the long non-coding RNA LINC00881. Blue 

dots indicate -log10(p-value) of LINC00881 eQTL from the GEUVADIS database (left Y-

axis); red bars indicate -log10(FDR) for variants that alter regulatory activity in the 

population STARR-seq assay (right Y-axis). Red dotted line indicates a FDR = 1.0. (D) 

Association between normalized expression of long noncoding gene LINC00881 in LCLs 

as measured by the GEUVADIS project (Y-axis) and the measured effect size in 

population STARR-seq assay (X-axis) for SNP rs73170828 (r2 = 0.07, p = 7.6 x 10-9). (E) 

Allele-specific H3K27ac analysis of variants rs62274098 and rs73170828, both eQTLs 

proximal to and 5' of LINC00881; read counts (Y-axis) differed substantially between 

alleles for rs73170828 (Wilcoxon p=0.058, binomial p=0.004) but not for rs62274098 

(Wilcoxon p=0.9; binomial p=0.92)216. 

 

3.5 Discussion 

In this work, we developed a novel high-throughput empirical approach to 

measure the regulatory effects of noncoding human genetic variation directly from the 

DNA of individuals from a population-based study cohort. The ability to assay directly 
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from cohort DNA samples is an important distinction from previous high-throughput 

reporter assays because it allows investigation of variants and haplotypes that are not 

present in existing databases of human genetic variation. As rare variants are typically 

not observed frequently enough to support a statistical association, rare-variant burden 

tests instead collapse or aggregate variants and correlate the overall burden of those 

variants with phenotypes219; 220.  While burden testing within the coding regions of the 

genome can leverage predicted effects on the resulting protein166; 221, modeling regulatory 

element activity based on sequence alone remains a major challenge.  Measuring 

regulatory activity directly from cohort DNA provides a possible empirical solution that 

allows the regulatory machinery of the cell to determine the cumulative effects of all 

regulatory variation in the element tested, and allows for inference about the activity of 

that regulatory element that would not be possible otherwise.  

The possibility for empirically-based association between regulatory function 

and phenotype is especially needed in light of recent studies suggesting that 

coordination of regulatory effects between alleles may explain how weak effects of 

individual noncoding variants contribute to overall phenotypes31; 37; 187.  As we have 

shown, assaying regulatory elements outside of the context of genetic linkage enables 

identification of individual regulatory elements that contribute to observed associations 

with gene expression. Importantly, however, genetic linkage is maintained within each 

individual regulatory element tested. That feature allows for measuring the effects of 



 

70 

regulatory element haplotypes on element activity without confounding effects of a 

nearby regulatory element.  For those reasons, the approach described here has the 

ability to both resolve independent effects in multiple regulatory elements while also 

maintaining local epistatic interactions between variants within an individual element. 

Measuring haplotype-scale effects in larger populations will also be important to 

establish the distribution of natural functional variation in regulatory elements, and may 

provide insights into the role of gene regulation in a wide variety of biological processes. 

For example, one of the most significant regulatory variants in our study, the common 

SNP rs4266144 (minor allele frequency = 0.40), had a 1.34-fold effect on the activity of the 

regulatory element in which it is located.  The variant overlaps a binding site for the 

transcription factor TEAD4 in the HepG2 cell line that we used in this study202. The C 

allele more closely matches the TEAD4 consensus motif and also had increased 

regulatory activity (Fig. 7F, left-most plot; Figure. 9).  The higher-activity C allele is also 

human-specific, while the ancestral G allele is conserved across non-human members of 

the Hominidae clade, and it is possible that recent evolution has altered the regulatory 

activity of that site by changing the TEAD4 recognition sequence222.  Understanding if 

transcription factor binding site disruption is a common basis for regulatory variation 

will require expanding the catalog of known effects of genetic variation on regulatory 

activity across human populations. Doing so is readily possible because the approach 
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demonstrated here only requires genomic DNA as opposed to more difficult to obtain 

samples of live cells or tissues. 

 

 

Figure 9: SNP rs4266144 resides within a TEAD4 ChIP-seq binding site as 

assayed in HepG2 cells. The C>G variant is located in a largely invariant region of the 

TEAD4 canonical consensus binding motif.  The binding site is located within a region 

that is enriched for H3K27ac and p300 occupancy. Concordantly, ChromHMM 

segmentation analysis scores the locus as a putative weak enhancer223. Multispecies 

conservation analysis suggests that this motif resides within a region that is conserved 

between the great apes216. 

For any complex disease, multiple types of cells are likely relevant to an 

observed phenotype.  Additionally, the causal regulatory elements may only be active 

under certain environmental conditions, or an interaction with the environment may 

amplify the effect. Transient reporter assays have been shown to recapitulate cell type- 
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and environment- specific gene regulation106; 224; 225. Because the input plasmid libraries 

generated in this study are a renewable resource that can be readily expanded in E. coli, 

the same captured regulatory elements can be assayed in numerous cell models and 

environmental contexts. Doing so may have particular benefit for identifying the specific 

cells or environments that are more relevant to a given genetic association signal. 

There are both advantages and disadvantages intrinsic to the architecture of the 

STARR-seq assay platform. Among the advantages is the potential to characterize dual 

functioning enhancer-promoters 101. We detected regulatory variants within TSS-

proximal regions of two of the three genes located within our test locus, suggesting that 

the elements that contain these variants serve as dual function enhancer-promoters. The 

approach is limited by the observation that enhancers often have promoter-specific 

activity in transient transfection assays, indicating that alternative promoters may be 

required in some cases226. Addressing those shortcomings will further increase the 

ability to assign regulatory causes to genetic associations. 

Taken together, the approach demonstrated here enables measurement of the 

functional variation in regulatory activity across human populations, and provides a 

novel and general path forward to identify disease-related perturbations in regulatory 

mechanisms after the completion of a genome-wide association study.  
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Chapter 5: Regulatory variants associated with fetal 

adiposity regulate adipogenesis 

5.1 Overview 

Babies born with high or low body fat at birth are at risk for developing 

metabolic diseases such as T2D and obesity later in life. Although both the intrauterine 

environment and fetal genetics impact fetal development, little is known about the 

genetic mechanisms which influence fetal growth and fat accretion.  Here, we use a high 

throughput reporter assay to measure the regulatory impacts of variants directly from a 

patient population. We report that haplotypes previously associated with fetal adiposity 

increase regulatory activity and increase the expression of VEPH1. Together, these 

results suggest a novel mechanism of fetal adiposity in which the effects of genetic 

variants in multiple regulatory elements control the expression of a gene involved in 

adipogenesis. 

5.2 Introduction 

Although maternal fuels have a strong impact on fetal growth, the genetics of the 

fetus also impact its birth traits. Twin, intergenerational, and family studies have 

estimated the heritability of birth weight to be as high as 70%139-147. Models which 

consider birth weight as dichotomous give similar estimates of heritability as those 

which consider it a continuous trait 143. This observation suggests that the contribution of 
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genes to variation in birth weight is similar at the extremes of birth weight and across 

the normal distribution. A child’s birth weight is a combination of both lean body mass 

and fat mass, but differences in fat mass account for roughly 50% of variance in birth 

weight227. Most adipose tissue in newborns is in the form of subcutaneous fat, which is 

most susceptible to change due to altered fetal growth228; 229. Humans are born with 10-

15% body fat, which is significantly higher than the 1-4% found in the offspring of other 

primates and mammals159. Body fat in human newborns is primarily white adipose 

tissue and likely serves as an energy source to support growth of the large human 

newborn brain during the early post-natal period159. Given this important role, it has 

been hypothesized that increased body fat at birth is an important evolutionary 

adaptation to support human brain growth and development159. However, as previously 

mentioned, variation in newborn fat mass also impacts birth weight and chronic disease 

risk. 

To define genetic contributions to maternal glucose levels during pregnancy and 

measures of offspring size and adiposity at birth, we performed genome wide mapping 

using DNA from 4,167 Thai (Bangkok), Afro-Caribbean (Barbados), Northern European 

ancestry (Belfast, Toronto, Brisbane, and Newcastle), and Mexican-American 

(Bellflower, CA) mothers and their respective newborns collected during the HAPO 

Study. In babies, rs17451107 at at chr3q25.31, located directly upstream of two lncRNAs 

(LINC00880 and LINC00881) showed strong association (p = 4.29e-16) with newborn 
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sum of skinfolds and percent fat mass (p = 5.28e-08)151. However, neither the associated 

SNP nor SNPs in LD were located in coding regions of the genome. We hypothesize that 

the causal SNP(s) could disrupt the activity of regulatory elements, resulting in in 

altered downstream gene expression. 

5.3 Methods 

5.3.1 Custom Amplicon Design and Capture 

Custom amplicon design and capture were performed as described in Vockley, 

Guo, & Majoros et al. 2015216 with the following difference: The number of individuals 

was increased from 95 to 760. 

5.3.2 Variant Calling and Phasing 

Variant calling and phasing was performed as described in Vockley, Guo, & 

Majoros et al 2015216 with the following difference: The number of individuals was 

increased from 95 to 760. 

5.3.3 Adipocyte RNA-seq Time course 

Primary white pre-adipocytes (PromoCell) were seeded at 100,000 cells/well into 

6-well plates and allowed to grow to 100 percent confluence (Day 0). The media was 

changed to Adipocyte Differentiation Media (PromoCell). After 72 hr, the media was 

changed to Adipocyte Nutrition Medium (PromoCell). RNA was isolated via RNeasy 

RNA prep kit (Qiagen) in quadruplicate. The chosen time points were Day 0, 1, 6, 9, 12, 

15, and 21. For each time point, oil red o staining was conducted in triplicate as directed 
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by Lonza 

(http://bio.lonza.com/uploads/tx_mwaxmarketingmaterial/Lonza_ManualsProductInstr

uctions_Oil_Red_O_Stain_for_In_Vitro_Adipogenesis.pdf) and quantified on the 

Glomax Discover System (Promega) at 492 nm. RNA-seq libraries were constructed 

using the TruSeq Stranded mRNA Library Prep Kit (Illumina) per manufacturer’s 

protocol. Libraries were sequenced on an Illumina HiSeq using the 50 bp SR kit.  

After stripping any overrepresented, contaminating sequences found using 

FastQC, raw RNA-seq reads were mapped to hg19 using STAR aligner v.2.4.1a230. RNA-

seq read counts were quantified in gene body exons in GENCODE v.19 annotation231 

using featureCounts v.1.4.6-p4232 where both ends of each read pair were required to 

map to the same gene to be counted. We tested for differentially expressed genes (DEGs) 

using the negative binomial model implemented in edgeR233 after normalization 

by trimmed mean of M-values234 (TMM) and estimation of common, trended, and 

tagwise dispersion. We annotated genes with gene ontology (GO) terms235 using 

BioMart236 and mapped GO terms to GO slim terms. We tested for functional enrichment 

of GO slim terms among the set of DEGs using the gene set analysis R package piano237 

with Stouffer's method and 4,000 permutations to compute p-values 

5.3.4 Statistical Methods for Association 

Because study subjects were chosen only from newborns with extreme size 

measurements, sum of skin folds was not analyzed as a continuous variable and instead 
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was dichotomized into ‘high’ and ‘low’ categories based on the sampling approach. 

Using dichotomous sum of skin folds as the outcome, genetic association analyses were 

performed for each ancestry cohort using logistic regression with SNPTEST (version 

2.5), an additive genotype variable and covariates under three models164. Model 1 

adjusted for field center, the first 2 principal components of ancestry, newborn sex, 

gestational age at delivery, parity, and maternal age at oral glucose tolerance test 

(OGTT). Model 2 adjusted for Model 1 covariates plus maternal BMI, height, and mean 

arterial pressure at OGTT. Model 3 adjusted for Model 2 covariates plus maternal fasting 

glucose and fasting C-peptide at OGTT. Cohort specific associations of haplotype 

activity scores with high vs. low sum of skin folds were performed using logistic 

regression and the same three sets of model covariates using R statistical software 

(version 3.2.2).  

5.3.5 POP-STARR 

Population STARR-seq libraries and haplotype effect size calculations were 

conducted as previously published by Vockley, Guo, & Majoros et al. 2015216 with the 

following differences: The custom amplicon libraries were combined into 8 pools (95 

individuals per pool) in equimolar ratios. These pools were then amplified and cloned 

into the STARR-seq backbone. Each pool was transformed into Stellar chemically 

competent cells per manufacturer protocol. Transformations were recovered for 1 h in 

SOC medium while shaking (225 rpm at 37 °C) and then incubated for 16 h in 250 mL of 
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LB while shaking (225 rpm at 37 °C). The resulting plasmid reporter input libraries were 

isolated using a MaxiPrep Kit (Promega). The 8 purified libraries were pooled in 

equimolar ratios to create a single plasmid input library. The libraries were 

electroporated (Biorad Gene Pulser Xcell) into primary white preadipocytes (PromoCell) 

using the following conditions: 4 million cells in 200uL of OptiMEM, 5 ug of DNA 

Exponential protocol:  170 volts, 950 uF, 2 uM, inf capacitance. 10 electroporations were 

conducted and each electroporation was plated into a T-75 flask in pre-adipocyte growth 

medium (PromoCell). After 24 hr, the media was changed to adipocyte differentiation 

medium (PromoCell) in 5 of the plates, and pre-adipocyte growth medium in the other 

5. Total RNA was harvested 48hr later using RNeasy RNA prep kit (Qiagen). Primer 

sequences for library construction are included in Appendix B, Table 18. 

5.4 Results 

To fine map putative regulatory elements, we designed Illumina Truseq Custom 

amplicon probes targeting all DHS within the 250 kb LD block associated with fetal 

adiposity. These probes were used to capture DHS from the DNA of 760 babies at the 

extreme tails of fetal adiposity (10th and 90th percentile) across four ancestries (Afro-

Caribbean, European, Thai, and Hispanic). In total, we captured 174 amplicons targeting 

104 enhancers (Appendix D, Figure 47). We called a total of 216 common (MAF>0.01), 

283 rare (MAF<0.01), and 444 private variants. We performed a logistic test for 

association with sum of skinfolds using the same models described in Urbanek et al. 
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2013201. In all three models, the associations replicated solely in the Thai population 

(Figure 10A, Appendix C, Figures 37-39). To check if this was due to an issue with our 

sequencing or variant calling, we subsetted our previous genotyping data to the same 

760 individuals and tested for association using the same models. Similarly, we only 

identified significant signal in the Thai population (Appendix C, Figures 40-42). Reasons 

for this observation could include, lack of power due to smaller sample sizes, larger 

effects in the Thai population, or regressing sum of skinfolds as a dichotomous rather 

than a continuous trait. 

To assay the regulatory potential of variants at 3q25, we created a POP-STARR 

library using the captured DNA as described in Vockley, Guo, and Majoros et al216. The 

libraries were representative of the initial study population, capturing ~95% of 

haplotype diversity (Appendix C, Table 20). Because the locus had been associated with 

adiposity, we hypothesized that regulatory variants could be affecting processes in 

adipose tissue, primarily during adipogenesis. To investigate if gene expression changes 

occur at 3q25 during adipogenesis, we differentiated primary white preadipocytes into 

fully mature adipocytes over 21 days. RNA-seq was used to quantify changes in 

expression, and Oil Red O staining was used to quantify lipid content across seven time 

points. Lipid content within the cells increased ~40-fold over 21 days, signifying 

successful adipogenesis (Appendix C, Figure 43). We observed the largest number of 

gene expression changes within the first 48 hr of differentiation (Figure 10B), including 
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the up-regulation of canonical adipogenic genes such as CEBPA, FOXO1, LEP, and 

ADIPOQ, and down-regulation of cell cycle genes such as CDK1, CDK2, and CENPE 

(Appendix C, Figures 44 and 45). Genes CCNL1 and VEPH1 at the associated locus also 

exhibited altered expression (Appendix C, Figure 46), suggesting that they may be 

directly or indirectly involved in adipogenic pathways. In particular, VEPH1 is a strong 

candidate because it has recently been shown to inhibit TGF- β signaling, a potent 

inhibitor of adipocyte differentiation238; 239. 

The reporter constructs were then electroporated into preadipocytes and 

differentiation was initiated in half of the plates after 24 hr. After 48 hr, the RNA was 

harvested and reporter specific libraries were constructed, sequenced, and analyzed as 

previously described216 (Figure 10C). A total of 817 SNPs and 1090 haplotypes were 

assayed in preadipocytes, and 797 SNPs and 1041 haplotypes in adipocytes. We 

identified 111 regulatory variants which were shared between pre-adipocytes and 

adipocytes (Figure 1D). 
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Figure 10: 3q25 fine mapping and POP-STARR in adipocytes. (A) SNP 

associations with sum of skinfolds in 760 individuals from the 10th and 90th percentiles of 

adiposity after fine-mapping in the Thai population. (B) expression time-course results 

for adipocyte differentiation over 21 days. (C) schematic of experimental design of POP-

STARR in primary pre-adipocytes. (D) number of functional variants discovered. 

 Next, we tested if phenotype could be predicted directly by regulatory element 

activity. Amplicon activity scores for each individual were calculated by averaging the 

haplotype effect sizes for each pair of haplotypes present in an individual. We found the 

regulatory activity of three amplicons to be significantly associated with fetal adiposity 

in the Thai population (Figure 11A-B, Table 2).  
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Figure 11: The activity of regulatory elements is directly associated with sum of 

skinfolds. (A) association of amplicon acivity scores with sum of skinfolds in 

preadipocytes and adipocytes. (B) associated amplicons that contain functional GWAS 

SNPs. 

These amplicons contained SNPs which also showed strong association in Thai cohort 

(Table 2). Although SNPs rs17451107, rs10049088, and rs10049090 were also associated 

with the phenotype, the activity of the element that they resided in was not. Elements II 

and III were negatively associated with sum of skinfolds and the risk alleles decreased 

expression. Element I was positively associated with sum of skinfolds, and the risk 

alleles increased expression (Table 2). We observed weaker associations between 

amplicon activity and adiposity when the experiment was repeated in adipocytes 

(Figure 11A). These results suggest that sum of skinfolds is more strongly associated 

with differentiation potential rather than fat accretion during maturation. 
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Table 2: Results for associated SNPs and regulatory elements. 

Element 

Number SNP id 

Effect 

Allele 

Non-

Effect 

Allele 

GWAS 

Beta 

POP-

STARR 

Beta 

Association  

P-value 

POP-

STARR 

P-value 

Element 

P-value 

I rs56406311 T C -0.95 0.96 1.54E-04 6.29E-01 3.11E-04 

I rs9817452 T G -0.95 1.07 1.54E-04 3.78E-04 3.11E-04 

I rs13322435 G A -0.85 0.82 4.92E-04 1.01E-38 3.11E-04 

I rs9854955 G A -0.85 0.82 4.92E-04 3.08E-36 3.11E-04 

NA rs17451107 C T -0.96 1.02 1.18E-04 9.00E-01 3.95E-01 

NA rs10049088 T C -1.02 1.08 5.20E-05 2.41E-01 3.95E-01 

NA rs10049090 A G -0.93 0.91 1.45E-04 2.29E-03 3.95E-01 

II rs11712937 T C -0.89 1.41 5.27E-04 4.49E-113 7.26E-04 

III rs7617389 C T -0.97 1.15 1.42E-04 9.06E-03 1.94E-04 

 

Based on our findings, we hypothesize that risk alleles alter VEPH1 expression, a 

known inhibitor of the TGF- β and insulin/PI3K signaling pathways239; 240. TGF- β is a 

strong inhibitor of adipogensis in vitro and in vivo238; 241; 242. Melted, the Drosophila ortholog 

of VEPH1, mutants have 40% less body fat than wildtype240. Although this evidence 

supports our results and hypothesis, we stress the need for additional investigation 

regarding how these regulatory haplotypes may directly impact adipocyte 

differentiation.  
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Chapter 6: Transversions have larger regulatory effects 

than transitions 

6.1 Overview 

Transversions (Tv's) are more likely to alter the amino acid sequence of proteins 

than transitions (Ts's), and local deviations in the Ts:Tv ratio are indicative of 

evolutionary selection on genes. Whether the two different types of mutations have 

different effects in non-protein-coding sequences remains unknown. Here, we provide 

multiple lines of evidence demonstrating that Tv’s have larger impacts on regulatory 

DNA including analyses of TF binding motifs, allele-specific TF binding, and genome-

wide Tv density within accessible chromatin. Using massively parallel population-scale 

reporter assays, we also provide empirical evidence that Tv's have larger effects than 

Ts's on the activity of human gene regulatory elements. Understanding the features of 

functional non-coding variation will be valuable for revealing the genetic underpinnings 

of complex traits and diseases. 

6.2 Introduction 

Genetic variation in noncoding regions of the genome contributes heavily to the 

heritability of many complex human traits and diseases194. Phenotype-associated 

variants are especially enriched in genomic regions that also have evidence of 

transcriptional regulatory activity83; 243. A likely scenario is that those genetic variants 
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alter the affinity of TFs to the genome, leading to changes in the activity of regulatory 

elements and the expression of target genes37; 96; 244. Predicting changes in regulatory 

element activity from DNA sequence alone remains a substantial challenge. There is 

therefore a need to identify additional indicators of which non-coding genetic variants 

have regulatory effects. It is well known that Ts’s are enriched over Tv’s in protein-

coding regions of the human genome. That feature is a foundational principle for studies 

of the molecular basis for evolution245-247. In contrast, non-coding regions are not known 

to have a strong transitional bias. TF’s bind DNA based on both sequence and shape248. 

We therefore hypothesized that, because Tv’s more dramatically alter local DNA 

structure, they would also be more likely to alter TF binding and subsequent regulatory 

activity. 

6.3 Methods 

6.3.1 Predicted Effects of Mutations on TF Binding 

The set of all non-redundant TF binding position frequency matrices (PFMs) 

were retrieved from the JASPAR database249. For each PFM, a pseudocount of 0.1 was 

added to every element, and the PFM was converted to a position specific scoring matrix 

(PSSM). The most likely (i.e. consensus) binding sequence was determined for each 

PSSM. We defined the PSSM score for a given DNA sequence as the sum of the 

corresponding positions in the PSSM. Then, for each position in each consensus 
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sequence, we calculated the PSSM score of having every possible nucleotide at that 

position and, subsequently, the change in PSSM score when mutating any nucleotide to 

any other nucleotide at that position. The final values along with covariates such as the 

JASPAR motif ID and the position in the motif data were output as a table that was used 

for statistical analysis. PSSM generation and mutation scoring was performed using 

BioPython libraries, and statistical analysis was performed in R.  

6.3.2 Effects of Ts’s and Tv’s in Patwardhan et al. Dataset 

Data from saturation mutagenesis of three regulatory elements were collected 179 

and reformatted to give the effect of every possible mutation at every position assayed. 

Effects from replicate experiments were averaged. A series of linear regression models 

was then used to evaluate the effect of Ts’s and Tv’s on regulatory element activity while 

accounting for differences in regulatory element activity between elements and location 

of the mutation within each element. The specific models used along with coefficients 

and test statistics are provided in Supplementary Table 1. All analysis was performed 

using R.  

6.3.3 Allele Specific Binding Analysis 

We analyzed two publicly available allele-specific binding datasets, one based on 

the binding of multiple TFs (cFos, cMyc, CTCF, JunD, Max, Pol_II, and Pol_III) to the 

diploid personal genome sequence of NA12878250, the other based on the binding of 

CTCF to SNPs discovered through ChIP-seq in 6 different LCLs251. We computed the Tv 
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frequency in allele-specific variants and in all variants tested and compared the two 

frequencies by transforming the assumed binomial distribution to a standard normal 

and performing a two-tailed Z-test. Because the number of allele-specific binding 

variants was small, especially in the case of Ni et al. 2012251, we pooled allele-specific 

variants across TFs or across cell lines, making sure to collapse redundant variants. Only 

summary statistics of numbers of SNPs tested and Ts/Tv ratios were reported by Ni et 

al. 2012251 for all SNPs tested for each cell line, which we used to compute the mean Tv 

frequency across cell lines. We were ignorant of the overlap of all tested SNPs across cell 

lines and for simplicity used the mean number of SNPs tested as the null model sample 

size for that dataset. 

6.3.4 Genome-wide Depletion of Tv’s in DHS’s 

All sites with evidence of putative enhancer activity as determined by the union 

of DHS’s of all cell lines studied by the ENCODE Project Consortium243. BED files 

containing DHS coordinates were downloaded from the ENCODE Project. We removed 

any DHS which overlapped with protein coding exons. Coordinates for all protein-

coding exons were downloaded from the UCSC Genome Browser175. VCF files for 2500 

individuals for each chromosome were obtained from the 1000 Genomes Database32. 

BED file manipulations were performed using the BEDtools203 and VCFtools252 were 

used to calculate Ts:Tv ratios. For the Ts:Tv-gene proximity analysis, we defined Tv 

density per element as . We defined 
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Ts density in a similar manner: . 

Elements which contained 0 SNPs were excluded from the analysis. Tv/Ts dense and 

Tv/Ts sparse elements were defined as elements with the top and bottom 10% of Ts/Tv 

density respectively. The center of DHS’s were defined as the middle 1/3rd of the peak. 

Statistical analysis and plots were generated in R. 

6.3.5 Custom Amplicon Design and Capture 

Custom amplicon design and capture were performed as described in Vockley, 

Guo, & Majoros et al. 2015216 with the following difference: The number of individuals 

was increased from 95 to 760. 

6.3.6 Variant Calling and Phasing 

Variant calling and phasing was performed as described in Vockley, Guo, & 

Majoros et al. 2015216 with the following difference: The number of individuals was 

increased from 95 to 760. 

6.3.7 POP-STARR-seq 

Population STARR-seq libraries and haplotype effect size calculations were 

conducted as previously published by Vockley, Guo, & Majoros et al. 2015216 with the 

following differences: The custom amplicon libraries were combined into 8 pools (95 

individuals per pool) in equimolar ratios. These pools were then amplified and cloned 

into the STARR-seq backbone. Each pool was transformed into Stellar chemically 
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competent cells per manufacturer protocol. Transformations were recovered for 1 h in 

SOC medium while shaking (225 rpm at 37 °C) and then incubated for 16 h in 250 mL of 

LB while shaking (225 rpm at 37 °C). The resulting plasmid reporter input libraries were 

isolated using a MaxiPrep Kit (Promega). The 8 purified libraries were then pooled in 

equimolar ratios to create a single plasmid input library. This library was then 

transfected into T-175 flasks containing HepG2 cells at ~70% confluency with Fugene 

HD (Promega) at a 5.5:1 ratio of Fugene:DNA. In total, 3 replicate transfections were 

performed. RNA was harvested after ~48 hrs. Primer sequences for library construction 

are included in Appendix D, Table 22. 

6.3.8 Comparing effects of Ts’s and Tv’s on Regulatory Element Activity 

To determine the number of Ts’s and Tv’s between haplotypes, we grouped 

haplotypes by amplicon. This ensured that each haplotype was compared to only those 

with the exact same length and start/stop coordinates. For each amplicon, we designated 

one haplotype at random as the “reference haplotype”. For each group of haplotypes, 

we counted the number of Ts’s and Tv’s that differed between each haplotype within the 

group and the reference haplotype. The change in effect magnitudes between the 

haplotypes in each amplicon group were calculated as follows: 

|  | || 

Amplicon groups which did not contain at least one haplotype with an effect size 

p-value < 0.05 were excluded from the analysis. Linear regressions were performed 
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using the lm() function in R. When performing regressions we included amplicon 

number as a variable. 

6.3.9 Web Resources 

ENCODE Project, https://genome.ucsc.edu/ENCODE/ 

1000 Genomes Database, http://browser.1000genomes.org/index.html 

Gene Expression Omnibus (GEO), http://www.ncbi.nlm.nih.gov/geo/ 

UCSC Genome Browser, http://genome.ucsc.edu 

JASPAR, http://jaspar.genereg.net/ 

Analysis for JASPAR dataset, 

https://github.com/ReddyLab/TransversionsInRegElements 

Analysis of Patwardhan et al, 

https://github.com/ReddyLab/TransversionsInRegElements 

VCFtools, https://vcftools.github.io/man_latest.html 

BEDtools, http://bedtools.readthedocs.org/en/latest/ 

GEO Accession code: GSE77743 

6.4 Results 

We first evaluated whether Tv’s are expected to have greater effects on TF 

binding than Ts’s. To do so, we calculated the change in the PWM score of every 

possible single nucleotide mutation in every TF binding motif in the JASPAR 

database249. The center of the TF binding motif is typically more specific than either edge 
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of the motif and, similarly, mutations near the center of the motif typically had greater 

impacts on the PWM score. Across all motifs, Tv’s had a significantly greater effect on 

TF binding score both in the center of the motif and in the flanking regions (Figure 12A). 

The effect was most pronounced at motif positions with moderate information content, 

suggesting that degeneracy in TF binding motifs more often accommodate Ts’s than Tv’s 

(Figure 12B).  

We next investigated whether the effects predicted by motif analysis also occurs 

in cells. We analyzed publicly available allele-specific ChIP-seq data for seven TFs in the 

fully-sequenced diploid lymphoblastoid cell line (LCL) GM12878250, and for CTCF across 

six LCLs251. In both studies, SNPs with evidence of allele-specific TF binding were subtly 

but significantly enriched for Tv’s when compared to the set of SNPs tested (35.3% vs 

32.2% for TFs in GM12878 cells, 35% vs 33% for CTCF in LCLs; Z test p = 5.1 x- 10-4, 2.7 x 

10-3, respectively, Figure 12C). 

As an alternative approach to evaluate whether Tv’s have greater regulatory effects than 

Ts’s, we investigated whether there is evidence for depletion of Tv’s within regulatory 

elements. We defined putative regulatory elements as non-exonic open chromatin 

regions marked by DHS’s from the ENCODE project65; 243. We then calculated the Ts:Tv 

ratio for each DHS, the flanking 150 bp, and the rest of the non-coding genome. The 

Ts:Tv ratio within DHS’s, 2.26, was larger than that in flanking regions and non-coding 

genome (2.18 and 2.00, respectively; Figure 12D). DHSs in the top 10% of Tv density 
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were also a median of 6 kb farther from genes than DHS’s in the bottom 10% (t test, p = 

5.9 x 10-12; Figure 1D). 

 

Figure 12: Tv’s are depleted at TF binding sites. (A,B) Changes to PWM scores 

for JASPAR TFs caused by Ts’s and Tv’s. Black squares are changes >1.5x above the 

interquartile range. P-values for parameter estimates were calculated using a t test. (C) 

The percentage of Tv’s in allele-specific CTCF across six LCL lines (left), and for allele-

specific binding across seven TFs (right). Error bars show the s.e.m. (D) Genome-wide 

Ts:Tv ratios within non-exonic DHS’s, flanking regions, and remaining non-coding 

genome. (E,F) Distribution of proximities between (E) nearest gene and Tv rich and 

sparse elements, and (F) Ts rich and Ts sparse elements. 
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In contrast, Ts dense sites were only a median distance of 400 bp farther than Ts 

sparse sites (t test, p = 0.002; Figure 12E). These results suggest that Tv’s have larger 

effects on TF binding, resulting in their depletion within regulatory elements, especially 

close to gene transcription start sites. 

Next, we tested to see if there was a measurable difference between Ts’s and Tv’s 

on regulatory element activity. We focused our analysis on variants within 104 DHS’s at 

3q25, a locus we previously identified to be associated with fetal adiposity201 (Appendix 

D, Figure 47).  We observed an even greater Ts:Tv ratio within the center of one-third of 

DHS’s at this locus compared to the remaining DHS and flanking regions (Figure 13A). 

To measure the regulatory activity of diverse haplotypes of the 104 DHSs, we used a 

population-scale STARR-seq (POP-STARR) reporter assay216. Briefly, we first captured 

the 104 DHSs from the genomes of 760 donors via multiplex PCR and called variants via 

GATK Best Practices recommendations204-206 . The libraries of captured elements were 

then pooled, cloned into the STARR-seq backbone101, and transfected into the liver 

carcinoma cell line HepG2. After two days, RNA was isolated and the abundance of the 

expressed reporter genes was quantified using high-throughput sequencing. Haplotype-

specific regulatory activity was measured by comparing the relative abundance of each 

haplotype in the expressed reporter genes to that in the input plasmid library. 

Significance was assessed using Fisher’s exact test (Figure 13B). In total, we assayed 1153 
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unique haplotypes comprised of 942 variants. Of those variants, 634 were Ts’s and 308 

were Tv’s. 

To test if Tv’s more dramatically alter the activity of regulatory elements, we first 

classified haplotypes by whether they contained a Tv or a Ts relative to a reference 

haplotype. We then used a multiple linear regression model to test if the presence or 

absence of a Tv or Ts correlated with changes in regulatory activity between haplotypes.  

The presence of a Tv was correlated with greater changes in regulatory activity (t test, β 

= 0.09 ± 0.033 s.e.m., p = 0.006), while the presence a Ts was not (t test, β = 0.007 ± 0.036 

s.e.m., p = 0.86) (Figure 13C). Next, we expanded the model to account for the total 

number of Ts’s and Tv’s between haplotypes. The total number of Tv’s was significantly 

correlated with the magnitude of changes in regulatory activity (t test, p = 0.001) 

whereas the total number of Ts’s was not (t test, p = 0.054). Furthermore, the effect of 

additional Tv’s on the magnitude of changes in regulatory element activity was double 

that of additional Ts’s (β = 0.12 ± 0.035 s.e.m vs 0.06 ± 0.03 s.e.m.) (Figure 13D). When the 

same analysis was limited to haplotypes that overlapped the middle third of DHS’s, the 

effect of Tv’s was substantially larger (β = 0.07 ± 0.031 s.e.m.), the effect of Ts’s was 

unchanged (β = 0.015 ± 0.025 s.e.m.), and the ratio of the effect sizes increased to 4.6-fold 

(Figure 13E). We performed a similar analysis on a study that used saturation 

mutagenesis to evaluate the effect of every possible mutation on the activity of three 

enhancers, with much the same result (Appendix D, Table 21)179. Together, these results 
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provide empirical evidence that Tv’s have larger impacts on regulatory element activity 

than Ts’s. 
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6.5 Discussion 

Understanding the features that predict which non-coding variants alter 

regulatory activity will be valuable for revealing the underlying genetic mechanisms 

governing complex traits and diseases. As a step towards that goal, we have shown that 

there are functional differences in the effects of Ts’s and Tv’s in non-coding DNA. Our 

results show that Tv’s are more likely to disrupt TF binding and have larger effects on 

regulatory element activity than Ts’s. Evolutionary pressure to maintain regulatory 

element activity may therefore explain our observations that Tv’s are depleted in the 

center of DHS’s, particularly near genes. Several possible mechanisms may explain the 

stronger effects of Tv’s. TFs may recognize the purine or pyrimidine structure rather 

than the specific nucleotide. Alternatively, Tv’s may disproportionately alter the DNA 

backbone, impacting the binding of TFs that recognize backbone shape. Understanding 

those principles of TF recognition may further inform whether specific classes of TFs are 

particularly impacted by Tv’s. 
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Chapter 7: Conclusions and Future Outlook  

Although thousands of genetic associations have been identified for hundreds of 

traits and diseases, only a handful have been directly linked to disease mechanisms. In 

this work, we followed-up previously conducted GWAS and identified potential 

mechanisms for maternal hyperglycemia and fetal adiposity. We also developed a novel 

population scale reporter assay to measure the effects of non-coding genetic variation 

directly from patient genomes. The assay allowed us to discover a property of the 

genetic variants that have the greatest effects on regulatory element activity, namely that 

Tv’s have larger regulatory effects than Ts’s. Collectively, our findings highlight the 

importance of GWAS follow-up and the power of POP-STARR. 

One of the major findings published in Guo et al. 2015 is the characterization of 

the 5th human hexokinase, HKDC137. We propose that individuals with risk alleles have 

decreased enhancer activity near HKDC1, resulting in decreased HKDC1 expression 

leading to compromised glucose metabolism in the liver. Our proposed model is 

consistent with previous studies evidencing that mutations in HKs can result in 

metabolic disorders253-255.  Currently, we can only speculate as to why HKDC1 is 

particularly important for glucose homeostasis during the gravid state. Potential reasons 

include maternal hormonal changes, altered metabolic load, and signaling between fetus 

and mother; and further investigation is needed.  
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The discovery of HKDC1 has potential implications beyond gestational 

hyperglycemia as well. In many types of cancers, HKs are drastically upregulated to 

keep-up with the increased metabolic requirements of cancer cells256. HKs have also been 

observed to bind the mitochondrial membrane in times of stress, thereby preventing 

apoptotic signaling molecules to reach the nucleus257; 258. Interference with apoptotic 

pathways can greatly increase the resilience of cancer cells against drugs. For these 

reasons, HKs themselves have been viewed as a potential therapeutic targets. A 

previous analysis of gene expression profiles in cancers revealed that out of the top 20 

cancer genes, HKDC1 was the only one which has never been targeted in a drug trial259. 

Since HKDC1 is the primary HK that is overexpressed in lung, breast, and liver cancers, 

it could potentially be a promising target. Moreover, HKDC1 expression is low to 

undetectable in most tissues, and since it has only been associated with maternal 

glycaemia, its importance may be limited to a handful of cell-types under specific 

conditions.  

We will continue to build on our initial findings from the Guo et al. paper using 

CRISPR/Cas9 technology. Although CRISPR/Cas9 is best known for its uses in genome 

editing, it can also be modified to activate or silence enhancers through epigenetic 

modifications260; 261.  Inactivated dead-Cas9 (dCas9) is fused to either an activator (P300) 

or a repressor (KRAB) and transfected into the cell in place of unmodified Cas9. The 

fusion protein binds to DNA without cutting while the active domain recruits epigenetic 
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modifying factors. As a next step, I plan to fine-map each enhancer by introducing 

various combinations of guides targeting each element. I also plan to activate/deactivate 

pairs of enhancers to identify combinatoric effects between regulatory elements. Future 

studies for this locus also involve utilizing CRISPR/Cas9 to introduce regulatory variants 

into the locus.  

The related phenotype, fetal adiposity, also demands additional experimentation 

to develop a clearer picture of the underlying mechanisms. We currently hypothesize 

that regulatory variants within risk haplotypes elevate expression of VEPH1, resulting in 

increased adipocyte differentiation. To validate this model, we will utilize chromatin 

conformation assays to demonstrate that the associated enhancers form loops with the 

VEPH1 promoter. Once these interactions have been established, we will test if deleting 

or blocking elements using CRISPR/Cas9 alters the endogenous expression of VEPH1 in 

adipocytes. The results from these experiments may strengthen the hypothesis that the 

enhancers act specifically on VEPH1 and not nearby genes. Functional assays involving 

VEPH1 knockdown/overexpression and their impacts on adipogenesis will also be 

required for model validation. We plan to over-express VEPH1 via lentivirus, and 

quantifying changes in differentiation efficiency and lipid accumulation rate during 

maturation. Since VEPH1 is also involved in insulin signaling, conducting a similar 

experiment while modulating insulin levels may also prove informative. 
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 Although we have strong evidence suggesting that fetal adiposity is at least, in 

part, caused by genetic drivers at 3q25, we cannot discount maternal genetic or 

hormonal contributions. Since the uterine environment has a strong influence on fetal 

growth and development, we must also consider hormonal signaling between mother 

and baby. Placental hormones such as those in the prolactin family have been shown to 

drive fetal growth pathways during development262-265. Given that genetic variants can 

affect hormone response in vivo266, we cannot discount the same possibility occurring 

between maternal hormones and the fetal genome. Additional experiments measuring 

the regulatory properties of SNPs in the context of hormone response may implicate 

new pathways in fetal fat accretion. 

 With the development of POP-STARR, we are now able to assay hundreds of 

regulatory variants directly from the genomes of a patient population. We have 

successfully performed POP-STARR in 760 patients across 174 regulatory elements in 

multiple cell models. Expanding POP-STARR to multiple or even all GWAS loci is the 

next step. To assay SNPs in all GWAS loci, a dramatic scale-up of POP-STARR is 

required. Our previous POP-STARR experiments used material from TruSeq Custom 

Amplicon libraries as candidate enhancers. Although this method is effective for 

targeted capture of small regions, it is impractical for ascertaining large genomic regions 

over a megabase. Alternative capture strategies such as Agilent SureSelect will be more 

effective for capturing multiple GWAS loci. One of the major strengths of POP-STARR is 
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that it can be easily adapted to nearly any capture platform. Therefore, we can readily 

integrate libraries from previous re-sequencing studies into POP-STARR and assay for 

functional variation.  

Generating POP-STARR libraries from pooled DNA samples raises another 

issue: rare and private variants become diluted after pooling, comprising only a small 

proportion of the final library. Low frequency alleles which disrupt enhancer activity are 

even further depleted in the RNA isolated from cells post-transfection. Moreover, PCR 

biases introduced during amplification may alter the ratios of rare variants, resulting in 

skewed downstream effect size calculations. Although sequencing deeper would 

improve rare variant detection, it would not alleviate biases introduced during library 

preparation. Sequencing deeper is also impractical for highly diverse libraries that we 

are currently generating.  One solution we’ve used is to divide the patient DNA samples 

into smaller pools prior to library preparation. The decrease in the number of 

individuals per pool results in higher relative frequencies for rare and private variants. 

For large numbers of samples, the amount of time spent on preparing libraries can 

quickly increase if split. Although there exists many challenges with assaying rare 

variants, many common phenotypes are presumably influenced by common genetic 

variation. It can be argued that common polymorphisms are more actionable regarding 

future screens and therapeutic studies, because they are present in a larger proportion of 

the population and are therefore easier to detect. 
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The challenges discussed highlight the importance of identifying key features of 

regulatory variation and utilizing those features to improve variant effect prediction. 

Genomic features such as DHS, H3K4me1, and H3K27ac have already greatly informed 

enhancer prediction across the genome. Although these features help establish regions 

where regulatory variants may be enriched, they are not features of SNPs themselves. 

Substitution mutations are divided into two categories: transitions and transversions. 

Using our previously developed POP-STARR assay, we provided empirical evidence 

that Tv’s cause larger changes in regulatory activity than Ts’s. There are several 

potential mechanisms driving this observation. TFs may actually recognize weather the 

nucleotide is a pyrimidine or purine over exact base identity. Alternatively, Tv’s could 

cause larger changes in the shape of the DNA backbone, resulting in decreased affinity 

of structure dependent TFs. Several groups have shown that TF binding is based on both 

sequence and structure248; 267-271. The degree that a TF is affected by either of these 

properties is dependent on the family it resides in. For example, both sequence and 

structure independently affect Hox-DNA binding interactions, while E-box TF binding 

is more dependent on DNA shape248; 272.  Grouping DHS based on Tv and Ts density may 

help determine what classes of TFs are present at those sites. This, in conjunction with 

TF binding motifs, may allow researchers to narrow the field of TF candidates at a given 

site prior to performing wet-lab experiments. 
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In summary, we have demonstrated that non-coding genetic variation plays an 

important role in regulating genes involved in maternal glycaemia and fetal adiposity. 

We also developed a novel high throughput reporter assay to measure the effects of 

genetic variation on gene expression, resulting in the identification of a fundamental 

feature of regulatory variation. More broadly, we highlight the importance and value of 

following-up GWAS with functional studies. For many complex traits, understanding 

the impacts non-coding variation will elucidate new biological mechanisms. By 

understanding these mechanisms, we will not only learn more about the genetics of 

gene regulation, but we will also create new paths toward improving human health.
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Appendix A: Identification of non-coding regulatory 

variation associated with maternal glycaemia 
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Figure 14: Loci associated with 2 hr glucose during pregnancy imputed to 

HAPMAP (A) and 1000 Genomes (B). Peak of association is in the first intron of HKDC1. 

Black bars delineate a 30kb block with the strongest association (F-test, p < 1 x10-5, n = 

1,367) and LD (r2 > 0.3). 

 

Figure 15: Significant HKDC1 eQTLs  [log10(Bayes Factor) > 2.5] and GWA SNPs 

(F-test, p < 1 x 10-8 ) in the maternal 2 hr glucose level associated locus. An enrichment 
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of open chromatin is located in a 30kb block between the 1st and 5th exons of HKDC1, 

flanked by two regulatory “deserts” on either side. Open chromatin for each cell line is 

denoted by DNaseI hypersensitivity (ENCODE). Putative enhancer marks are marked 

by H3KMe1 and H3K27AC.  Black bars delineate the same 30 kb block in Supplementary 

Figure 1. 

 

 

Figure 16: eQTL analysis in primary liver for all genes within 500 kb of HKDC1. The red 

line represents the lead GWAS SNP rs4746822. 
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Figure 17: Enhancer strength of selected regulatory elements. Firefly luciferase 

intensity was normalized by dividing by the Renilla luciferase intensity. Enhancer 

strength was determined by dividing the normalized luciferase intensity of each 

construct by the normalized intensity of the empty vector. Error bars show s.d (n = 8 to 

19). 

 

Figure 18: Enhancer strength vs DHS peak width. Spearman ρ =0.5 ,p = 0.117 (n = 

8 to 19) . Error bars show s.d. 
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Figure 19: Experimental design for luciferase reporter assays. Multiple 

haplotypes of each regulatory element were cloned upstream of the promoter and site 

directed mutagenesis was used to segregate alleles which do not segregate naturally in 

the population. A linear regression model was used to determine the effect of each SNP 

on luciferase expression. The bottom and top boxes are the first and third quartiles, and 

the band inside the box is the median. The ends of the whiskers represent the lowest and 

highest data points within 1.5 interquartile range of the lower and upper quartiles. 

Circles represent outliers defined as 1.5 times the interquartile range above the upper 

quartile or below the lower quartile. 
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Figure 20: Plots of predicted luciferase values versus observed luciferase values. 

In a-f, predicted luciferase values are positively and significantly associated with 

observed luciferase values, suggesting that the effects of individual variants may 

combine additively within haplotypes. The blue line is y = x and the black line is the 

regression line. Error bars show s.d. 
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Figure 21: Full blot and gel images. (A) Coomassie stain for HKDC1 and HK1. 

The numbers representing the following: 1:Preinduction, 2:Induction, 3:Clarified Lysate, 

4:Column Flow through, 5:Fraction 1, 6:Fraction 2, 7:Fraction 3, 8:Fraction 4, 9:Fraction 5. 

Full western blot images are shown for INS-1 cells induced with GFP and HKDC1 

adenovirus using an HKDC1 (B) and anti-β Actin antibody (C). 
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Figure 22: Un-normalized HKDC1 virus transduction results. HKDC1 

overexpression in INS-1 cells via adenovirus shows increased HK activity between a 

range of 0-50mM glucose. Error bars show s.d. 

 

Figure 23: Expression of other HK mRNAs in INS-1 cells after either GFP or 

HKDC1 adenovirus transduction. Expression was quantified via qPCR and expression 

was normalized using the ΔΔ CT method (n = 3).  Error bars show s.d. 
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Figure 24: Cell number is consistent between groups of INS-1 cells treated with 

adenovirus.  Cell number was quantified using the Cell-Titer Glo assay (Promega) (n = 

3). Error bars show s.d. 

 

Figure 25: Replicate of HKDC1 activity dose response curve. This experiment is a 

duplicate experiment represented in Supplementary Figure 4 (n = 3). Error bars show 

s.d. 
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Figure 26: Power analysis to detect independent additive effects of regulatory 

variants. The beta of SNP1 (rs10762264) = 0.48 and the MAF = 0.4. R2 values between the 

4 SNPs range from 0.8-0.99. 
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Figure 27: Standard curve for specific activity versus fluorescence (n = 3). 

Table 3: Putative regulatory element chromatin marks 

Region Coordinates DHS 

Width 

(bp) 

DNaseI HS H3Kme1 H3K27Ac 

I chr10:70973319-

70974076 

757 HeLa, K562, HepG2, 

HRPEpiC 

K562 K562 

II chr10:70975656-

70976016 

360 HUVEC, HeLa, k562, 

HMVEC, HRPE 

HUVEC, 

K562, 

NHEK, 

NHLF 

HUVEC, 

NHEK, 

K562 

III chr10:70976807-

70977827 

1020 HUVEC, HeLa, K562, 

HMVEC, HRPE, A549, 

Stellate, Urothel, 

Myometr, Medullo, 

HMEC, Osteoblasts, 

PanIsletD, HPDE6, 

FibroP 

HUVEC, 

K562, 

NHEK, 

NHLF 

HSMM, 

HUVEC, 

NHEK, 

NHLF 

IV chr10:70979612-

70980551 

939 HepG2, HRPE, A549, 

K562 

K562 H1-hESC 

V chr10:70981067-

70981290 

223 HepG2, A549 K562, 

NHEK 

GM12878, 

H1-hESC, 

NHEK 

VI chr10:70982000-

70982955 

955 HUVEC, HeLa, K562, 

HepG2, HMVEC, 

GM12878, 

H1-hESC, 

GM12878, 

H1-hESC, 
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HRPE, A549, Stellate, 

Urothel, Myometr, 

Medullo, HMEC, 

HMEC, Osteoblast, 

PanIsletD, HPDE6, 

FibroP 

HSMM, 

HUVEC, 

K562, 

NHEK, 

NHLF 

HSMM, 

HUVEC, 

K562, 

NHEK 

VII chr10:70984649-

70985565 

916 HUVEC, HeLa, 

HepG2, HMVEC, 

HRPE, Medullo, 

HMEC, HPDE6, 

FibroP 

GM12878, 

HSMM, 

HUVEC, 

K562, 

NHEK 

GM12878, 

HUVEC, 

NHEK 

VIII chr10:70986715-

70987113  

398 HepG2, Medullo     

IX chr10:70988887-

70990294 

1407 HUVEC, K562, 

HepG2, HMVEC, 

HRPE, A549, Stellate, 

Urothel, Medullo, 

HMEC, Osteoblast, 

PanIslet, FibroP 

GM12878, 

H1-hESC, 

HSMM, 

HUVEC, 

K562, 

NHEK, 

NHLF 

GM12878, 

K562 

X chr10:70991933-

70992631 

698 HUVEC, 

HeLa,HepG2, 

HMVEC, HRPE, A549, 

Stellate, Urothel, 

Myometr, Medullo, 

HMEC, HMEC, 

Osteoblast, PanIsletD, 

HPDE6, FibroP 

 H1-hESC, 

HSMM, 

HUVEC, 

NHEK, 

NHLF 

HSMM, 

NHEK, 

NHLF 

XI chr10:70997194-

70998073 

879 HUVEC, HeLa, K562, 

HMVEC, HRPE, A549, 

Stellate, Urothel, 

Myometr, Medullo, 

HMEC, Osteoblasts, 

PanIsletD, HPDE6, 

FibroP 

GM12878, 

H1-hESC, 

HSMM, 

HUVEC, 

K562, 

NHEK, 

NHLF 

  

 

Table 4: Haplotype frequencies across the regulatory elements 

Region Coordinates  SNPs 

(common) 

Common 

Haplotypes 

(>1%) 

Rare 

Haplotypes 

(<1%) 

Total 

Haplotypes 

I chr10:70973319-

70974076 

9(4) 5 6 11 
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II chr10: 70975656-

70976016 

4(2) 2 3 5 

III chr10:70976807-

70977827 

11(8) 5 6 11 

IV chr10:70979612-

70980551 

13(2) 3 12 15 

V chr10:70981067-

70981290 

2(1) 2 1 3 

VI chr10:70982000-

70982955 

21(9) 8 19 27 

VII chr10:70984649-

70985565 

15(4) 5 14 19 

VIII chr10:70986715-

70987113  

7(4) 4 4 8 

IX chr10:70988887-

70990294 

26(12) 13 55 68 

X chr10:70991933-

70992631 

15(7) 6 9 15 

XI chr10:70997194-

70998073 

13(7) 7 14 21 

  Total 136(60) 60 143 203 

 

Table 5: 1000 Genomes individual IDs and ancestries 

Catalog ID Ancestry Sex 

NA19399 LUHYA IN WEBUYE, KENYA Female 

NA19428 LUHYA IN WEBUYE, KENYA Male 

NA18557 YORUBA IN IBADAN, NIGERIA Male 

NA19007 JAPANESE IN TOKYO, JAPAN Male 

HG01133 COLOMBIAN IN MEDELLIN, 

COLOMBIA 

Male 

HG00346 FINNISH IN FINLAND Female 
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NA19473 LUHYA IN WEBUYE, KENYA Female 

NA18861 YORUBA IN IBADAN, NIGERIA Female 

NA19346  LUHYA IN WEBUYE, KENYA Male 

NA19457  LUHYA IN WEBUYE, KENYA Female 

HG01437 COLOMBIAN IN MEDELLIN, 

COLOMBIA 

Male 

NA19438 LUHYA IN WEBUYE, KENYA Female 

HG00189 FINNISH IN FINLAND Male 

NA19150 YORUBA IN IBADAN, NIGERIA Male 

HG01626 IBERIAN POPULATIONS IN SPAIN Female 

NA19445 LUHYA IN WEBUYE, KENYA Female 

HG01079 PUERTO RICAN IN PUERTO RICO Male 

GM19707 AFRICAN ANCESTRY IN 

SOUTHWEST USA 

Female 

GM12144 CEPH/UTAH Male 

 

Table 6: Pre- and post-mutagenesis rare allele frequencies 

SNPid 
Pre-

mutagenesis 

Post-

mutagenesis 

rs7089312 0.125 0.2857 

rs5030941 0.125 0.2857 

rs2394529 0.1667 0.2727 
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rs141651118 0.2 0.3 

rs147449838 0.2 0.4 

rs55755107 0.1667 0.4286 

rs4072135 0.1667 0.35714 

rs11813186 0.1667 0.21429 

rs5030945 0.125 0.38889 

rs144643300 0.125 0.16667 

rs12246517 0.25 0.5 

rs4746829 0.25 0.5 

 

Table 7: Table of significant regulatory variants 

Region SNP 

Allele 

A 

Allele 

B MAF β Luciferase  P-Value 

III rs10762264 G A 0.48 -3.13 5.05E-05 

III rs12241136 A T 0.1 2.77 4.14E-08 

VI rs78983061 C A 0.06 2.21 0.003 

VI rs7089277  T G 0.07 -8.59 8.90E-11 

VI rs4746822 C T 0.49 -6.7 8.00E-08 

VII rs4746824 C A 0.22 1.18 -2.00E-06 

VII rs75405157 T C 0.06 1.55 3.08E-08 

VII rs2394529 G C 0.5 -1.41 1.06E-04 

VIII rs9645501 G A 0.34 -2.08 9.04E-08 

VIII rs147449838  G A <.01 -1.23 4.35E-04 

VIII rs200216341  G A <.01 -1.31 1.71E-04 

IX rs1983128 G A <.01 -4.45 9.49E-09 

X rs5030945 T C 0.45 -28.14 2.19E-10 

X rs874557 A G 0.45 -31.58 1.54E-06 

 

Table 8: Concordant SNP effects in four different cell lines 

SNP Allele 

A 

Allele 

B 

P-value β Luc 

A549 

β Luc 

K562 

β Luc 

Fibroblast 

β Luc 

HepG2 

rs10762264 G A 5.05E-05 -2.368 N.E. -8.9581 -3.13 

rs4746822 C T 8.00E-08 -2.724 N.E. -3.86 -6.7 
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rs2394529 G C 1.06E-04 N.E. N.E. 3.137 -1.41 

rs9645501 G A 9.04E-08 -29.07 -115.4 -15.29 -2.08 

 

Table 9: Discordant SNP effects in four different cell lines 

SNP Allele 

A 

Allele 

B 

β Luc A549 β Luc K562 β Luc 

Fibroblast 

β Luc 

HepG2 

rs5030945 T C 5.04 66.89 -3.13 -28.14 

rs874557 A G 28.37 62.46 -2.3 -31.58 

 

Table 10: RPKM for primary hepatocytes and HepG2 cells 

  Hepatocytes (RPKM) 
HepG2 

(RPKM) 

HK1 6.5 0.7 

HK2 1.3 27.2 

HK3 6.6 0 

GCK 1 0.1 

HKDC1 1.2 28.3 

 

Table 11: Amino acid percent identity matrix 

 

GCK HK3 HKDC1 HK1 HK2 

GCK 100 52.41 51.52 53.13 54.64 

HK3 52.41 100 52.97 53.23 55.93 

HKDC1 51.52 52.97 100 70.8 67.79 

HK1 53.13 53.23 70.8 100 72.71 

HK2 54.64 55.93 67.79 72.71 100 

 

Table 12: DNA percent identity matrix 

 

GCK HK3 HK1 HKDC1 HK2 

GCK 100 53.18 50.35 48.77 49.46 

HK3 53.18 100 57.31 57.86 60.38 

HK1 50.35 57.31 100 63.44 63.09 
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HKDC1 48.77 57.86 63.44 100 64.12 

HK2 49.46 60.38 63.09 64.12 100 

 

Table 13: Primer sequences for amplifying regulatory elements 

Region Forward Reverse 

I CGGTACCTGAGCTCGAAGGC 

CACAGGTTTTTAGATCTCCTT 

TATCCTCGAGGCTAGTGG 

TCCTGGCGCATCTTGTA 

II CGGTACCTGAGCTCGTCC 

TGAGCATTCCTTGTCTTCG 

TATCCTCGAGGCTAGGGAA 

CAGTTGGGAATTTTATGGAAA 

III CGGTACCTGAGCTCGCC 

AGATGGGTGATACGCTTT 

TATCCTCGAGGCTAGCCTAA 

TTCCCCCACTAGTTGATT 

IV CGGTACCTGAGCTCGAATG 

GAAGAATCTGCCCCAACA 

TATCCTCGAGGCTAGTGGC 

CTTTCCGAGCAAACAT 

V CGGTACCTGAGCTCGTTGT 

CACTTTGCTCAGGGAACTTG 

TATCCTCGAGGCTAGGACC 

TTGGCTAAGTCCTCCTGCT 

VI CGGTACCTGAGCTCGAGA 

GGAAGTGTGGCCCCTTACA 

TATCCTCGAGGCTAGGCC 

ATGAAAAATACACACTGAAAACC 

VII CGGTACCTGAGCTCGCCC 

TTAGTGCCTGGGACGTG 

TATCCTCGAGGCTAGTCCC 

CAGGTGAGAGGTGAGG 

VIII CGGTACCTGAGCTCGT 

CTGCAGCCCTCTCACCTCA 

TATCCTCGAGGCTAGGAATG 

GCCCTGACGAAGGTG 

IX CGGTACCTGAGCTCGTCC 

CATGTCAGGGTCCCAGT 

TATCCTCGAGGCTAGCCC 

TCCATGAACTGCCTTGG 

X CGGTACCTGAGCTCGTC 

CTCAGATTCTGCCCTTCAGA 

TATCCTCGAGGCTAGGAA 

TGGCCCTGACGAAGGTG 

XI CGGTACCTGAGCTCGTCCCAC 

CACTAGAATTGTGGGTTT 

TATCCTCGAGGCTAGCATG 

GTTTGCCAGGTCCACA 

 

  

Table 14: Primer sequences for site directed mutagenesis 

SNP ID Forward Reverse 

kg0002 CTTGTCTTCGGTTCA 

CAATAAACCTGTAAAA 

TTTTACAGGTTTATTGT 

GAACCGAAGACAAG 

rs5030937 TACCAGCAGGTCA 

CACTGATTTATGTTATGA 

TCATAACATAAATCAGT 

GTGACCTGCTGGTA 

rs5030938 TTTATGTTATGACGA 

CTTAACTTTGGACTTA 

TAAGTCCAAAGTTAAG 

TCGTCATAACATAAA 

rs9645501 ACCTTCTCAGCCCTC GAAAGCAGAATGGAATG 
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ATTCCATTCTGCTTTC AGGGCTGAGAAGGT 

rs147449838 CACATGCGGCTCTCCAA 

TGACACCCTTTTGG 

CCAAAAGGGTGTCATTGG 

AGAGCCGCATGTG 

rs200216341 AGGCGGTTCCGGGCTA 

AGATGGAGAAGGGCC 

GGCCCTTCTCCATCTTA 

GCCCGGAACCGCCT 

kg0001 TGGCTGCTCCTCGCCA 

CACATCCTGTCTTCC 

GGAAGACAGGATGTGT 

GGCGAGGAGCAGCCA 

rs5030945 CCTTTATCCGAGTTTT 

CCCAGGCTGGGAGCA 

TGCTCCCAGCCTGGGAA 

AACTCGGATAAAGG 

rs5030946 CCAGGCTGGGAGCACA 

AGCTCTCTCTTCCCA 

TGGGAAGAGAGAGCTT 

GTGCTCCCAGCCTGG 

rs144643300 ACCGCAAGGGCTGTGT 

TCACATTTGCCTTCT 

AGAAGGCAAATGTGAA 

CACAGCCCTTGCGGT 

rs4746828 GTGCTCACATTTGCCT 

TCTCCAGTTGACATG 

CATGTCAACTGGAGAAG 

GCAAATGTGAGCAC 

rs12241136 AAAATCCAACTACTTT 

TAAGATTTAAACCTA 

TAGGTTTAAATCTTAAAA 

GTAGTTGGATTTT 

rs10998649 GGCAAGGCTGGTCTCGAACTCCTGA 

CCTCAGGCAATCTGCC 

GGCAGATTGCCTGAGGTC 

AGGAGTTCGAGACCAGCCTTGCC 

rs7914256 GGCAAGGCTGGTCTCTAACTCCTGAT 

CTCAGGCAATCTGCC 

GGCAGATTGCCTGAGATC 

AGGAGTTAGAGACCAGCCTTGCC 

 

Table 15: Primer sequences for qPCR 

  Forward Reverse 

Bactin GTGGCCATCTCTTGCTGCAAG GGGAAATCGTGCGTGACATTAAG 

HKDC1 GGTCAGGATGCTGCCCACCT CCCAAGATCCAGGGCGAGAA 

HK1 TGAAGTCGGCCTGATCATCG TCCTCCCCTCGTCTCCTTCC 

HK2 GGGTCCTGCTGGTCCGTGTT TCCTGCGGGATGGCGTAGAT 

HK3 GAGGAGACCCTGGCCCCATT CCTTCCGCATCTGTGCCTGA 

GCK TGGATGTGGTGGCAATGGTG GATCATGCCGACCTCGCACT 

ratHK1 TTAACCCGCTTGGGAGTGGA GGCTGATCGGAAGGAGACGA 

ratHK2 AGCGACTTCGCTCCACCATC GGAGACGCTTGGCAAAATGG 

ratHK3 CTCTTCCAGGATGCGCCTGT TCCCCTCTGTGGATGGTGGT 

ratGCK GGCACTGCCGAGATGCTCTT GAAGCCCAGGGGCAGTTTCT 

ratBactin CACTGCCGCATCCTCTTCCT GGAACCGCTCATTGCCGATA 
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Appendix B: Massively parallel quantification of the 

regulatory effects of non-coding genetic variation in a 

human cohort 

 

Figure 28: Distribution of TruSeq Custom Amplicon sequencing coverage for 95 

individuals. For each individual, the read depth was determined by calculating the 

median coverage per amplicon for that specific individual. The median read depth for 

an individual in the cohort is 1500x. 
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Figure 29: Distribution of allele frequencies in the 1000 Genomes Project and our 

TruSeq Custom Amplicon Sequencing for 95 individuals. The high coverage permitted 

confidently calling a higher number of private variants per individual. 
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Figure 30: Distribution of median coverage per amplicon of STARR-seq DNA 

plasmid input library sequencing. The Y-axis represents the number of amplicons and 

the X-axis represents the median depth per fragment. The median number of times an 

amplicon was sequenced was 2200 times. 



 

125 

 

Figure 31: Distribution of median coverage per amplicon of the RNA-seq output 

library sequencing. The Y-axis represents the number of amplicons and the X-axis 

represents the median depth per fragment. The median number of times an amplicon 

was sequenced was 13,000 times. 
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Figure 32: Allele ratio in the DNA plasmid library (X-axis) versus allele ratio in  

RNA-seq output libraries (Y-axis) for each replicate.  Allele ratio is defined as (number 

of reads containing Allele0) / (number of reads containing Allele1). Allele0 is the 

reference allele and Allele1 is the alternate allele defined by the VCF file. Generally, the 

alternative allele has lower frequency, although this is not always the case. 
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Figure 33: Plotted is a comparison of the allele frequency of each SNP in the 

cohort DNA determined by variant calling to the allele frequency of each SNP in the 

resulting reporter library. Allele frequencies of the cohort DNA used are shown on the 

X-axis; and the allele frequency in the resulting reporter library are on the Y-axis. 

 

Figure 34: Correlation between minor allele frequency (MAF: X-axis) and variant 

effect size (Y-axis) for functional variants identified in our population STARR-seq assay 

(Spearman ρ = -0.18, p = 0.28). 
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Figure 35: Correlation between SNP effect sizes (X-axis: log of product of effect 

sizes of SNPs on haplotype) and log of observed haplotype effects (Y-axis) for putative 

regulatory haplotypes containing more than one SNP (r = 0.54, p = 0.007). Observed 

haplotype effect sizes were computed as normalized ratios for each haplotype versus all 

pooled haplotypes at a locus: 

(RNAhaplotype/DNAhaplotype)/(RNApooled/DNApooled). Solid line: regression line 

(slope=0.8, intercept=-0.019); dotted line: 1:1 diagonal.  
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Figure 36: Pearson correlation coefficients for five genes 

(LINC00881:ENSG00000241135.1, LINC00880:ENSG00000243629.1, 

CCNL1:ENSG00000163660.7, TIPARP:ENSG00000163659.8, LEKR1:ENSG00000197980.6) 

and 67 proximal SNPs.  Blue points correspond to eQTLs for LINC00881 as defined by 

the GEUVADIS consortium. 

Table 16: Transition:Transversion ratios in 1000 Genomes and Custom 

Amplicon Sequencing 

 1000 genomes Custom Amplicon Sequencing 

Exons 2.71 2.83 

DHS Peaks 2.36 2.31 

DHS Peak middle 2.65 2.63 
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DHS Peak edges 2.25 2.18 

Non DHS 

Intergenic 

1.61 1.97 

Overall 2.02 2.17 

 

Table 17: Proportion of assayed variation in Population STARR-seq 

 Number of 

Fragments 

Sequenced 

Number of Variants 

Called 

Custom Amplicon Assay 174 321 

Population STARR-seq  173 283 

Percent 99.42528736 88.16199377 

 

Table 18: STARR-seq Primers 

TS2SSF:  

TAGAGCATGCACCGGACACTCTTTCCCTACACGACGCTC

TTCCGATCT 

TS2SSpatient

R: 

GGCCGAATTCGTCGATCGCGAGTTAATGCAACGATCGTC

GAAATTCGC 

PPRead2  TCGCGAGTTAATGCAACGATCGTCGAAATTCGC 

PPBCread  GCGAATTTCGACGATCGTTGCATTAACTCGCGA  

PPBC1 

CAAGCAGAAGACGGCATACGAGATCGTGATTCGCGAGT

TAATGCAACGATCGTCGAAATTCG*C  

PPBC2 

CAAGCAGAAGACGGCATACGAGATACATCGTCGCGAGT

TAATGCAACGATCGTCGAAATTCG*C  

PPBC3 

CAAGCAGAAGACGGCATACGAGATGCCTAATCGCGAGT

TAATGCAACGATCGTCGAAATTCG*C  

PPBC4 CAAGCAGAAGACGGCATACGAGATTGGTCATCGCGAGT
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TAATGCAACGATCGTCGAAATTCG*C  

PPBC5 

CAAGCAGAAGACGGCATACGAGATCACTGTTCGCGAGT

TAATGCAACGATCGTCGAAATTCG*C  

PPBC6 

CAAGCAGAAGACGGCATACGAGATATTGGCTCGCGAGT

TAATGCAACGATCGTCGAAATTCG*C  

PPBC7 

CAAGCAGAAGACGGCATACGAGATGATCTGTCGCGAGT

TAATGCAACGATCGTCGAAATTCG*C  

PPBC8 

CAAGCAGAAGACGGCATACGAGATTCAAGTTCGCGAGT

TAATGCAACGATCGTCGAAATTCG*C  

PPBC9 

CAAGCAGAAGACGGCATACGAGATCTGATCTCGCGAGT

TAATGCAACGATCGTCGAAATTCG*C  

  *= phosphorothioate bond. 

 

Table 19: Luciferase Validation Primers 

chr3 156800768 F 

CTGGCCTAACTGGCCGGTACCCCAGCCTGTGTGGATGTT

GC 

chr3 156806431 F 

CTGGCCTAACTGGCCGGTACCGGGGAAGATCAGGGGAT

GAA 

chr3 156812738 F 

CTGGCCTAACTGGCCGGTACCAGTTCGTTTTCCGGGGGT

GA 

chr3 156852592 F 

CTGGCCTAACTGGCCGGTACCTGACAGCCCCCTCTAGTG

CAG 

chr3 156878129 F 

CTGGCCTAACTGGCCGGTACCCGGCAGCAGTAGCTGTCG

AA 

chr3 156898104 F 

CTGGCCTAACTGGCCGGTACCTTCTGTAGATGATTGAAA

TATTTTGGA 

chr3 156800768 

R TACCCTAGGGAGATCTCCCTTGTCCCCAGGAAGCTC 
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chr3 156806431 

R TACCCTAGGGAGATCTCTCTTCCCGCTCGCAGCA 

chr3 156812738 

R 

TACCCTAGGGAGATCTTGAGGGAGCTGTCTTCAGTTCAG

A 

chr3 156852592 

R TACCCTAGGGAGATCTGCATCAGTTGAGCTGAGGGACA 

chr3 156878129 

R TACCCTAGGGAGATCTCCGCCACTTCCCTTGGTACA 

chr3 156898104 

R TACCCTAGGGAGATCTCTTCATGGAGAGGTGGAGGA 
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Appendix C: Regulatory variants associated with fetal 

adiposity regulate adipogenesis 

 
 

 
Figure 37: Association with sum of skinfolds using variant call data from the 

custom capture sequencing using model 1 as described in Urbanek et al201. 
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Figure 38: Association with sum of skinfolds using variant call data from the 

custom capture sequencing using model 2  as described in Urbanek et al201. 
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Figure 39: Association with sum of skinfolds using variant call data from the 

custom capture sequencing using model 3 as described in Urbanek et al201. 
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Figure 40: Association with sum of skinfolds after subsetting the original GWAS 

data to 760 individuals using model 1 as described in Urbanek et al201. 
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Figure 41: Association with sum of skinfolds after subsetting the original GWAS 

data to 760 individuals using model 2 as described in Urbanek et al201. 
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Figure 42: Association with sum of skinfolds after subsetting the original GWAS 

data to 760 individuals using model 3 as described in Urbanek et al201. 
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Figure 43: Quantification of oil red o staining for adipocyte differentiation during 

21 days. N = 3 for each time point. 

 

 
Figure 44: log2 fold changes in gene expression for adipogenic markers over 21 

days. N = 4 for each time point. 
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Figure 45: log2 fold changes in gene expression for cell cycle genes over 21 days. 

N = 4 for each time point. 

 

Figure 46: log2 fold changes in gene expression for genes at 3q25 over 21 days. N 

= 4 for each time point. 
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Table 20: Proportion of assayed haplotypes 

Plate Ancestry Existing 

Haplotypes 

Assayed 

Haplotypes 

Percent 

Captured 

1 Hispanic 495 454 91.72 

2 Hispanic + White 451 436 96.67 

3 White 430 419 97.44 

4 Black + White 589 552 93.72 

5 Black 571 545 95.45 

6 Asian + Black 534 512 95.88 

7 Asian 411 399 97.08 

8 Asian + White + 

Hispanic 

439 420 95.67 
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Appendix D: Transversions have larger regulatory effects 

than transitions 

 

Figure 47: Amplicons targeting DHS and active histone markers in multiple cell 

lines. In total, 104 DHS were captured using 174 amplicons. Amplicons were tiled across 

target regions and also captured at least 50 bp upstream and downstream of each DHS. 

Amplicon are ~400-425 bp in length. 

Table 21: Effects of Tv’s on regulatory element activity in Patwardhan et al 

dataset 

Model β se t Pr(>t) 

effect ~ tstv 0.015 0.007 2.069 0.019 

effect ~ tstv * enhancer 0.031 0.014 2.185 0.014 

effect ~ tstv * enhancer * distance_from_element_center 0.071 0.027 2.616 0.004 

 

Table 22: Population STARR-seq Primer Sequences 

TS2SSF: TAGAGCATGCACCGGACACTCTTTCCCTACACGACGCTCTTCCGATCT 

TS2SSCIDRR: GGCCGAATTCGTCGAGTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT 

CIDRread2 GTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT 

SSRT CAAACTCATCAATGTATCTTATCATG  

SS-spliced F GGGCCAGCTGTTGGGGTGTCCAC  

SS-spliced R CTTATCATGTCTGCTCGAAGC  

CIDRBCread AGATCGGAAGAGCACACGTCTGAACTCCAGTCAC 

CIDRBC1 CAAGCAGAAGACGGCATACGAGATCGTGATGTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT 

CIDRBC2 CAAGCAGAAGACGGCATACGAGATACATCGGTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT 
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CIDRBC3 CAAGCAGAAGACGGCATACGAGATGCCTAAGTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT 

CIDRBC4 CAAGCAGAAGACGGCATACGAGATTGGTCAGTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT 

CIDRBC5 CAAGCAGAAGACGGCATACGAGATCACTGTGTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT 

CIDRBC6 CAAGCAGAAGACGGCATACGAGATATTGGCGTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT 

CIDRBC7 CAAGCAGAAGACGGCATACGAGATGATCTGGTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT 

CIDRBC8 CAAGCAGAAGACGGCATACGAGATTCAAGTGTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT 

CIDRBC9 CAAGCAGAAGACGGCATACGAGATCTGATCGTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT 

CIDRBC10 CAAGCAGAAGACGGCATACGAGATAAGCTAGTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT 

CIDRBC11 CAAGCAGAAGACGGCATACGAGATGTAGCCGTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT 
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